


Connecting & Computer Preliminaries

Make sure your workshop provided computer is connected to the
"Broad” or "Broad Internal” wireless network.

Please do not connect your personal items

(laptop, phone, etc.) to these wireless networks; it will tax the
wireless system and make the workshop less effective.

The password for computers is “password”.
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Cell Identity is More Than Histopathology

A cell participates in
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Before We Get Started

e Single-cell RNA-Seq (scRNA-Seq) analysis methodology is developing.
— Give you a feel for the data.
— Perform some analysis together.
e There is a vivid diversity of methodology.
— These technique will grow as the field does.
— Why were these specific tools chosen?
e This is a guided conversation through scRNA-Seq analysis.
— Breadth and targeted depth.

— There may be other opinions, if you have one, please speak up so
we can all learn from it.



Before We Get Started

e Sections will be hands-on.

— Much can be applied to other
analysis.

— Strengthen those R ninja skills!

— If you need, cut and pasting is
available.

e cut_and_paste.txt

e There will be many cute
corgi pictures.




We Will Attempt to Cover

e Describe scRNA-Seq assays.

e Comparing assays.

e Sequence pipelines.

e How do measured counts behave?
e Concerns over study design.

e |nitial data exploration.

e Gene and cell filtering.

e Plotting genes.

e Dimensional Reduction and plotting cells.
e Differential expression.

e Communicating your study.



Section: scRNA-Seq Assays

e There are many scRNA-Seq Assays, each differs:
— Some commercialized
— Full transcriptome vs 3’
— Less or more automated
— Different levels of throughput
— Differences in cost



Smart-Seq2

BRIEF COMMUNICATIONS
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Smart-Seqg2: Description

Full transcript scRNA-Seq

Developed for single cell but can performed using total RNA.
Selects for poly-A tail.

Full transcript assay.
— Uses template switching for 5' end capture.

Standard illumina sequencing.
— Off-the-shelf products.

Hundreds of samples.
Often do not see UMI used.



Smart-Seq2: Assay Overview
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Smart-Seqg2: Equipment




Drop-seq

Cell

Highly Parallel Genome-wide Expression Profiling of
Individual Cells Using Nanoliter Droplets

Graphical Abstract

Drop-seq single cell analysis
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1000s of DNA-barcoded single-cell transcriptomes

Authors

Evan Z. Macosko, Anindita Basu, ...,
Aviv Regev, Steven A. McCarroll

Correspondence

emacosko@genetics.med.harvard.edu
(EZ.M.),
mccarroll@genetics.med.harvard.edu
(S.AM.)

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.



Drop-seq: Description

e Moved throughput from hundreds to thousands.
e Droplet-based processing using microfluidics

e Nanoliter scale agueous drops in oil.

e 3'End

e Bead based (STAMPs).

e Single-cell transcriptomes attached to microparticles.
e Cell barcodes use split-pool synthesis.

e Uses UMI (Unigue Molecular Identifier).
e RMT (Random Molecular Tag).

e Degenerate synthesis.



Drop-seq: Overview

e (Click Here for Drop-seq Video Abstract



http://www.sciencedirect.com/science/article/pii/S0092867415005498

Drop-seq: Assay Overview
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Drop-seq: Assay Overview
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Drop-seq: Assay Overview
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Drop-seq: Pointers

e Droplet-based assays can have leaky RNA.

e Before library generation wash off any medium (inhibits library
generation).

e Adding PBS and BSA (0.05-0.01%) can protect the cell.

— Too much produces a residue making harvesting the beads difficult.

e Filter all reagent with a 80 micron strainer before microfluidics.
e Some purchased devices add a hydrophobic coating.

— Can deteriorate (2 months at best).

— Recoating does work (in-house).
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New Results
Massively parallel digital transcriptional profiling of single cells

Grace X.Y. Zheng, Jessica M Terry, Phillip Belgrader, Paul Ryvkin, Zachary W. Bent, Ryan
Wilson, Solongo B. Ziraldo, Tobias D. Wheeler, Geoff P. McDermott, Junjie Zhu, Mark
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This article is a preprint and has not been peer-reviewed [what does this mean’]
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10X: Description

e Droplet-based, 3' mRNA.
— GEM (Gel Bead in Emulsion)
e Standardized instrumentation and reagents.
e More high-throughput scaling to tens of thousands.
e |ess processing time.
e Cell Ranger software is available for install.



10X: Assay Overview
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10X: Assay Overview
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10X: Equipment

Outiet wells

2) Gel bead wells

1) Master Mix wells

3) Partitioning Oil wells




A Word on Sorting

e After disassociating cells cells can be performed.

e Know your cells, are they sticky, are they big?
— Select an appropriate sized nozzle.

e Don't sort too quickly (1-2k cells per second or lower)
— The slower the more time cells sit in lysis after sorting
— 10 minutes max in lysis (some say 30 minutes)

e Calibrate speed of instrument with beads
— Check alignment every 5-6 plates

e Afterwards spin down to make sure cells are in lysis buffer
— Flash freeze

e Chloe Villani on sorting [click here]



https://www.youtube.com/watch?v=HiKY0eHDhIs&feature=youtu.be

Section: Comparing scRNA-Seq Assays




scRNA-Seq Assay Performance

bioRxiv preprint first posted online Sep, 8, 2016; doiz Mip:idx. dol.org/10.1101/073692. The copyright hoider far this pregrint (which was not
peer-reviewad) Is the author/funder. It Is made available under a CC-BY 4.0 Intemationsl icense.

Power Analysis of Single Cell RNA-Sequencing

Experiments

Authors
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ERCC-based Benchmarking

e Based on ERCC spike-ins.
— Exogenous RNA-Spikins
— No secondary structure
— 25b polyA Tail
e May be a conservative measurement given endogenous mRNA will
have ~250b polyA.

e Accuracy
— How well the abundance levels correlated with known spiked-in
amounts.
e Sensitivity
— Minimum number of input RNA molecules required to detect a spike-in.



Sensitivity and Specificity
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Final Thoughts

e Different assays have different throughput.
— SmartSeq2 < Drop-seq < 10X
e SmartSeq2 is full transcript.
e Plate-based methods get lysed in wells and so do not leak.
— Droplet-based can have leaky RNA.
e |n Drop-seq assays RT happens outside the droplets
— Can use harsher lysis buffers.
— 10X needs lysis buffers compatible with the RT enzyme.
e 10X is more standardized and comes with a pipeline.
— Drop-seq is more customizable but more hands-on.
e Cost per library varies greatly.



Section: scRNA-Seq Pipelines




Sequences Differ So Pipelines Differ

e scRNA-Seq assays are different and produce different
sequences

— The sequence pipelines must be tailored to the sequence of
interest.

— Many pipelines are NOT compatible but many show
similarities.



Start with FASTQ Sequences

FASTQ File Format

Sequence Header ' B501164:31:HLC55BGXX:1:11101:10993:1055 1:N:0:GTAGAGGA+ATAGAGAG
cDNA Seq uence TTTCTAGTTAGTTCATTATGCAAAGGGTACAAGGTTTAATCTTTGCTTGT

+

Base Quallty > AAAAAEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
@GNB501164:31:HLC55BGXX:1:11101:12780:1056 1:N:0:GTAGAGGA+ATAGAGAG
AGCGAATCCTCACCCCAAAGACTCCACCATTTCTCCATCAACAACTCTTT

+

/AAAAAEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

_ @NB501164:31:HLC55BGXX:1:11101:7255:1059 1:N:0:GTAGAGGA+ATAGAGAG
4 Lines are 1 GAATACTAGTCAAAACAAGTTTTTAAATGTTCCTTTGGGTCTTCATTTTG

sequence +
AAAAAEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE




Assays Differ in FASTQ Contents

ACGTACGTACGT | ACGTACGTACGT

SmartSeq2

Paired Transcript Sequence| | |Paired Transcript Sequence

Dropseq

Cell Barcode ||[UMI||PolyT Transcript Sequence
10X

Cell Barcode Transcript Sequence

UMI




SmartSeqg2: Pipeline Overview
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Drop-seq: Pipeline Overview

FASTQToSam I itv:
FASTO | R . Cc.)mm.on fur.1ct|onal|ty.
— FilterBam trimming, alignment,
TrimStart . .
CTrimPonA generating count matrix.
[SamToFastq e Adds book keeping for cell
Align (STAR
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DetectBeadSynthesisErrors
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Drop-seq: Further Help

€ C @ mecamolllab.com/dropseg/ )+ 4 » |

M C C alro | I I_a b Department of Genetics, Harvard Medical School

Home News Research People Papers Resources Drop-seq Contact

Home » Drop-seq

Drop-seq

Welcome to Drop-seq!

Drop-seq Is a technoiogy that allows biologists to analyze genome-wide gene expression in thousands of individual celis in a single
experiment. This work Is described in Macosko et al., Cell, 2015, This site provides Interested users with resources to
implement Drop-seq in their own labs. We hope you do amazing things with Drop-seq. Tell us about it!

If you would like to be informed of new protocol optimizations, discussion forums, etc,, please send an emall to dropseq@gmail.com
and we'll put you on the fist.




10X: Pipeline Overview

e Steps conceptually similar to
Rl Extract cell-barcode, the Drop-seq p|pe||ne
UMI, RNA read
Correct cell-barcodes

Glign reads (STA@

BAM}

Tag reads with gene
(uniquely mapping reads only)

Correct UMI sequences

@ount UMis (cell, gen@
Select cell-associated
DE barcodes
Matrix




10X: Further Help

& <2 C (® support.10xgenomics.com/sinale-cell/software/overview/welcome ¥ (@ |

1 O A GENOMICS

PRODUCTS TECHNOLOGY COMPANY CAREERS

Support > Slngle Cell » Software SEARCH  CONTACT SU

SOFTWARE » OVERVIEW

Overview
System Requirements
Downloads

Cell Ranger: Pipelines

Overview of Single Cell Software

The Chromium Single Cell Software Suite is a complete package for analyzing and visualizing single If your question is no§
cell 3' RNA-seq data produced by the 10x Chromium Platform. The package includes: Foabed il

r

support®10xgenomiq
¢ Cell Ranger: Pipelines

A set of analysis pipelines that perform sample demultiplexing, barcode processing, and
single cell 3' gene counting.

¢ Cell Ranger: R Kit
R package for secondary analysis of Cell Ranger matrix data, including PCA and t-SNE
projection, and k-means clustering. A user-friendly guided tutorial is also available,



Sequence Level Quality Control

FASTQW FASTQW
FastQC
(Tnmmomatic
ST R-Allgn
KALLISTO
BAM (Sort and Dedup)
RNASeQC

REFM Picard Tools

CollectRNASegMetrics

DE EstimateLibraryComplexity
Matrix CollectAlignmentMetrics

CollectinsertSizeMetrics

Much of the QC that is
performed is using traditional
tools.



Pipeline Section Summary

e Single-cell RNA-Seq is a diverse ecosystem of assays.
— Each assay has pros and cons.
e Sequences derived from these assays are complex and vary.

e Different pipelines are needed to address different sequence
formats.

— Common steps include:
e Aligning
° QC

e Read counting.



Section: scRNA-Seq Count Data




This is an Expression Matrix

Cell I Cell2 Cell3 Cell4 ...
Genel| O 0 3 10
Gene 2| 24 0 41 12
Gene 3| 175 | 284 | 93 | 162
Gene 4| 0 0 0 0
Gene 5| 36 0 32 | 21




Genes Have Different Distributions

Distribution of Expression of a Gene throughout a Study

Housekeeping Genes “

Gene Expression (Per Cell)

Log Normal

Density

0 Log Expression



Genes Have Different Distributions

Distribution of Expression of a Gene throughout a Study
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Genes Have Different Distributions

Distribution of Expression of a Gene throughout a Study

Rare Populations

Density
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ZCI’O Gene Expression (Per Cell)
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Genes Have Different Distributions

Density

Distribution of Expression of a Gene throughout a Study

Noise

Technical
(Should filter)

Log Expression

.......................



Genes Have Different Distributions

Distribution of Expression of a Gene throughout a Study

Noise

Log Normal

Density

Bimodal

Zero
Inflated

0 Log Expression



Underlying Biology

e Zero inflation.
— Drop-out event during reverse- . - , _
. Q\\ High-magnitude
transcription. 3 1 © G | outlier

— Genes with more expression
have less zeros.

Overdispersion

— Complexity varies.
Dropout events

Log,o(RPM) incell 1

e Transcription stochasticity.

— Transcription bursting.

— Coordinated transcription of | BRIEF COMMUNICATIONS
multigene networks. Bayesian approach to 0

, , expression analysis
e Higher Resolution. P y
Peter V Kharchenko!-3, Lev Silberstein’-° &

- . David T Scadden?®-?
More sources of signal e



Expression has Many Sources per Cell

Technical variation Allele-intrinsic variation Allele-extrinsic variation
e Batch effect e Bursts of transcription (ceg! ty(ri)eS"aEd itates)
® Fixed cell identi
e Library quality - Stochast!c |nmat.|on S Bicrcte ty
: o — Stochastic duration A

e Cell-specific capture efficiency i — Continuous

e Amplification bias * Varying rates of RNA e Temporal progression/oscillation
processing e Spatial location

— Niche environments

\lW

Observed data

Genes,
proteins, loci

Revealing the vectors of cellular identity with single-cell
genomics

Allon Wagner!, Aviv Regev®** & Nir Yoscf! 45



Data Analysis with UMIs

Read Counts Counts by UMI

A4GALT © ) 0 1) 0
A4GALT @ 0 0 0 0
AAAS 20 22 1 5 9 AAAS 10 5 1 2 3
AACS 15 4 2 3 1 AACS 3 2 1 2 1
AADAT 14 . 3 5 24 AADAT 4 2 2 1 8
AAED1 33 16 4 46 12 AAED1 8 7 1 10 4
AAGAB 19 19 13 5 0 AAGAB 8 6 3 3 0
AAK1 5 5 1 5 0 AAK1 3 2 1 2 )
AAMDC e 1) 26 10 10 7 AAMDC 27 10 3 4 3
AAMP 56 45 28 24 36

AAMP 21 21 13 11 16
MNAT @ 0 0 0 0 AANAT @ 0 0 0 0

Collapsed but Not Linear



Summary of the Data

e We are still understanding scData and how to apply it.
— Data can be NOT normal.
— Data can be Zero-inflated.
— Data can be very noisy.
— Cells vary in library complexity.

— Can represent many “basis vectors” or sources of expression
simultaneously.

e Keeping these characteristics in analysis assumptions.
e Tend to filter more conservatively with UMIs.



Section: Study Designh and scRNA-Seq




scRNA-Seq Study Design

How many cells?

— Can change depending on the variability of the biology and
the expectation of finding rare populations.

How to design cell capture?

— Single cell RNA-Seq is especially prone to technical batch
affects (due to processing).

Use of UMIs
Use of ERCC spike-ins



How Many Cells?

e Satija lab online tool
— satijalab.org/howmanycells

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

10 0.02 5

Probability of seeing at least 5 cells from each cluster

0.99 reached at 729
0.95 reached at 619 \’

300 400 500 600 700 800

Number of cells sampled


http://satijalab.org/howmanycells

Single Cell RNA-Seq and Batch Affects

New Results

On the widespread and critical impact of systematic bias and
batch effects in single-cell RNA-Seq data

Stephanie C Hicks, Mingxiang Teng, Rafael A Irizarry
doi: http://dx.doi.org/10.1101/025528

This article is a preprint and has not been peer-reviewed [what does this mean?].

Abstract Info/History Metrics Supplementary material

[3 Preview PDF

Abstract



What is Study Confounding?
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Motivation: Why Am | Using R?

e Alot of method development is happening in R.

* Free /open source / open science.

e Many supplemental computational biology packages.
e Data science is an art.

— Data often requires one to create and manipulate
analysis.

e This will allow you to experience key concepts in analysis.
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Initial Data Exploration




Today’s Data

Comprehensive Classification of Retinal Bipolar Neurons by Single-Cell
Transcriptomics

Karthix Shokhar”, Sytvain W. Lapan®, Irene E, Whitnaey®, Nicholas M, Tran, Evan Z. Macosko, Monika Kowakzyk, Xian Adicons
Joshua 2. Levin, Jamas Nemesh, Melisaa Goidman, Staven A. McCamoll, Constanca L. Cep‘m’g Aviv Re-ae\@ |

Joshus R. Sanes '8

¥ Co et matver

DO hip: Ocx dok oo 10, 10 164.call 2046.97.08 C II Honzantal Cell
Volume 166, Issue 5, p1308-1323.e30, 25 August 2016

Bipolar Cell

Mdaller Glia

Amacrine Cell
ZlorF

* To generate a comprehensive, s IR -5 on
validated classification scheme ) (@) (s neen O
for the bipolar cells of the
mouse retina.

— Cone or rod type, ON or OFF, 9-12 subtypes (morphological)
o ~44k cells from a transgenic mouse line marking BCs
— After filtering 27k (we use 5k)



Logistics: Importing Code Libraries

e R Exercise



Representing Sparse Matrices

e R Exercise



What is a Sparse Matrix?

e Sparse Matrix
— A matrix where most of the elements are 0.

e Dense Matrix
— A matrix where most elements are not 0.

e Many ways to efficiently represent a sparse matrix in memory.
— Here, the underlying data structure is a coordinate list.



2D Arrays vs Coordinate Lists

Can be optimal for dense matrices More optimal for sparse matrices

2D Arrays vs  Coordinate List
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ANALYSTS

Spatial reconstruction of single-cell gene expression data

Rahul Satijal7:8, Jeffrey A Farrell?8, David Gennert!, Alexander F Schier!-59 & Aviv Regev1:6:9

Cell

Highly Parallel Genome-wide Expression Profiling of
Individual Cells Using Nanoliter Droplets

https://github.com/satijalab/seurat



Create a Seurat Object

e R exercise



Expression: Bulk RNA-Seq Definition

In bulk RNA-Seq we learned counts are not expression.

e Some counts belong to sequences which could go to many genes.

e Some transcripts are longer than other so they get sequenced more.
e Some samples are more deeply sequenced.

e The datais not normally distributed.

Depending on the scRNA-Seq assay these may be important.

Seurat has assumptions it makes with it’s defaults
— More appropriate for 3 prime assays.



Count Preparation is Different

Depending on the Source

Unaligned Reads

Align to Reference

3' Sequencing

Full Transcript Unaligned Reads

P — Align to Reference
Resolve Multimapping

0.5 0.5 Resolve Multimapping

RSEM B 02 __ I e n— RSEM
3.5 2.5 3.5 7-5
No transcript length correction corract. Far Transcript Lengt) TPM
3.5/1=3.5 7.5/3=2.5
Correct for Sequencing Depth :

Seurat % / Column Total * 1E5 or 1E6 Correct for Sequencing Depth TPM
Seurat Log2() +1 Log2() + 1 Seurat



Prepping Counts For Seurat

3 prime-

Expected by Seurat.

Counts collapsed with UMIs.

Log2 transform (in Seurat).

Account for sequencing depth (in Seurat).

Full Transcript Sequencing-

Can be used in Seurat.

TPM +1 transformed counts.

Log2 transform (in Seurat).

Sequencing depth is already accounted.



Sometimes Averages are Not Useful

Say you were standing with one foot in the oven and one foot in
an ice bucket. According to the percentage people, you should
be perfectly comfortable. —Bobby Bragan



Os pull down average

5 Cells at 75
75

Average ~ 2.7

95 Cells at 0

Filtering Genes: Averages are Less Useful

Amount of Os is arbitrary

(study size, diversity)

5 Cells at 75
75

Average ~ 0.42

1000 Samples



Filtering Genes: Using Prevalence

Cells (Study)



Filtering Genes: Using Prevalence

Filter: 5 cells must have 10 expression

95 Cells at 0

5 Cells at 75

75

5 Cells at 75
75

1000 Cells at O




Filtering Using Metadata

=




What is Metadata?

Other information that describes your measurements.
— Patient information.
e Life style (smoking), Patient Biology (age), Comorbidity
— Study information.
e Treatment, Cage, Sequencing Site, Sequencing Date
— Sequence QC on cells.
e Useful in filtering.



Filtering Cells: Removing Outlier Cells

e Bulk RNA-Seq studies often do not remove outliers cells
— scRNA-Seq often removes “failed libraries”.
e Qutlier cells are not just measured by complexity
e Percent Reads Mapping
e Percent Mitochondrial Reads
e Presence of marker genes
* Intergenic/ exonic rate
e 5'or 3' bias
e other metadata ...

e Useful Tools
— Picard Tools and RNASeQC



Seurat: Filtering on Metadata

e R Exercise



Section: Plot Genes




Seurat: Viewing Specific Genes

e R Exercise



Section: Working with Batch Affects




Normalization and Batch Affect Correction

e The nature of scRNA-Seq assays can make them prone to
confounding with batch affects.

— Normalization and batch affect correction can help.
e Some are moving away from relying on a specific method.

— Exploring the idea of combining or selecting from a
collection of normalization or correction methods best for a
specific study.

e Some believe UMI based analysis need not be normalized
between samples given the absolute count of the molecules
are being reported.

— Be careful not to remove biological signal with good
experimental design (avoiding confounding by design).



Seurat and Batch Affect Correction

e Using linear models one can regress covariates.

— scale.data hold the residuals after regressing (z-scored)
e Dimensionality reduction and clustering.
e We use metadata we have.

— One could imagine creating a metadata for cell cycle.



Seurat and Batch Affect Correction

e R exercise



Section: Dimensionality Reduction and
Plotting Samples




Dimensionality Reduction

e Start with many measurements (high dimensional).
— Want to reduce to few features (lower-dimensional space).

e One way is to extract features based on capturing groups of
variance.

e Another could be to preferentially select some of the current
features.

— We have already done this.
e We need this to plot the cells in 2D (or ordinate them)
e |n scRNA-Seq PC1 may be complexity.



PCA: in Quick Theory

e Eigenvectors of covariance

matrix.
e Find orthogonal groups of principal comp. | TOUCZ el comp.
. direction 2 direction 1
variance.

e Given from most to least
variance.
— Components of variation.

. . . o Feature 1
— Linear combinations explaining

the variance.




PCA: an Interactive Example

e PCA Explained Visually



http://setosa.io/ev/principal-component-analysis

PCA: in Practice

Things to be aware of-
e Data with different magnitudes will dominate.
— Zero center and divided by SD.
e (Standardized).
e (Can be affected by outliers.

e Data is often first filtered to remove noise.



t-SNE: Nonlinear Dimensional

Reduction
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t-SNE: How it works.

CelllCell2 Cell3

Genel NN |
Gene2 |l [ N

Gene3 | I N
Gened | || 'R
| |

i
CelllCell2 Cell3
Celll N EN |

Cel2 NN
Cell3 )




PCA and t-SNE Together

e Often t-SNE is performed on PCA components
— Liberal number of components.
— Removes mild signal (assumption of noise).
— Faster, on less data but, hopefully the same signal.



Learn More About t-SNE

e Awesome Blog on t-SNE parameterization
— http://distill.pub/2016/misread-tsne
e Publication
— https://Ivdmaaten.github.io/publications/papers/JIMLR 200

8.pdf
e Nice YouTube Video

— https://www.youtube.com/watch?v=RJVL80Gg3IA
e Code

— https://lvdmaaten.github.io/tsne/
e |nteractive Tensor flow

— http://projector.tensorflow.org/


http://distill.pub/2016/misread-tsne
https://lvdmaaten.github.io/publications/papers/JMLR_2008.pdf
https://www.youtube.com/watch?v=RJVL80Gg3lA
https://lvdmaaten.github.io/tsne/

Plotting Cells




Plotting Cells and Gene Expression

e R exercise.



The European Physical Journal B
November 2013, B6:4T)

A smart local moving algorithm for large-scale modularity- - o
based community detection e @R O 9. 4 . "
Authors Authors and affiliations ’ ———_— T 4 .
.’ .'_ ‘ “:i :'\\{‘_ -,
Ludo Waltman i1, Nees Jan van Eck N\ ‘ " \
‘ N \ \
Regular Article Cite this article as: . : . — . - .
_ Waltman, L. & van Eck, N.J. Eur, Phys. J. B . . ‘ ) N 0 ‘ ’
First Online: 13 November 2013 (2013) 86: 471. doi:10.1140/epjb/e2013-40829 Citations Downloads
DOI: 10.1140/epjb/e2013-40829-0 0

e Smart Local Moving (SLM) algorithm for community (cluster)
detection in large networks.

— Can be applied to 10s of millions cells, 100s of millions of relationships.
— Evolved from the Louvain algorithm

http://www.ludowaltman.nl/sIm/
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Section Summary

e Dimensionality reduction help reduce data while hopefully
keeping important signal.

— t-SNE on PCA is often used in analysis
e Created several types of plot often seen in publications.
— Plotting genes (through subgroups).
— Ordinating cells in t-SNE space.
— Heat maps of genes associated with PC components.

— Plotting metadata on projects of data is an important QC
tool.

e Cluster of cells are currently defined through graph, separate
from the ordination (t-SNE / PCA).



Section: Differential Expression g




Seurat: Differential Expression

e Default if one cluster again many tests.
— Can specify an ident.2 test between clusters.
e Adding speed by exluding tests.
— Min.pct - controls for sparsity
— Min percentage in a group
— Thresh.test - must have this difference in averages.



Seurat: Many Choices for DE

e bimod
— Tests differences in mean and proportions.
®* roc
— Uses AUC like definition of separation.
o {
— Student's T-test.
e tobit
— Tobit regression on a smoothed data.



Seurat: DE and Plotting DE Genes

e R Exercise.



Size of circle
« (Gene prevalence in cluster.

Color of circle

* More red, more expressed in cluster.

Scales well with many cells.

prevalent genes sSparse genes
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e Uses hurdle model

— Two part generalized linear
model to address both rate of
expression (prevalence) and
expression.

— GLM means covariates can be
used to control for unwanted
signal.

e CDR: Cellular detection rate

— Cellular complexity

— Values below a threshold are 0

Finak ¢r of. Gonome Sology [2015) 16278
DO 101 186/413055-01 50844-5

Genome Biology

METHOD Open Access

MAST: a flexible statistical framework for ~ &
assessing transcriptional changes and
characterizing heterogeneity in single-cell

RNA sequencing data

Greg Finak "', Andrew McDavid'", Masanao Yajima'®, Jingyuan Deng', Vivian Gersuk?, Alex K. Shalek™*4,
Chige K Slichter’, Hannah W, Miller’, M. Juliana McElrath', Martin Priic’, Peter S Linsley”
and Raphasl Gottardo'”™

e Additionally introduces a
GSEA method.

https://github.com/RGLab/MAST



Mast: Hurdle Models

Distribution of Expression of a Gene throughout a Study

Density

Noise

Density

Difference in
distributions

Log Normal > | |

Bimodal

Zero
Inflated

Log Expression

0 Log Expression 0
Logistic Regression Gaussian Linear Model

2 =
2 :
a o

Difference in =~ | Difference in

number of distributions

zeroes | |
Log Expression

Log Expression 0



Mast: DE and Plotting DE Genes

e R Exercise.



Designing a study.

Writing a grant.

Performing experiments.

Collecting data.

Running sequencing pipelines.
Performing some preliminary analysis.
Sharing ideas with private collaborators.
Refining analysis.
Completing a paper.
Sharing analysis publicly.



The Single Cell Portal

https://portals.broadinstitute.org/single cell

\7 = https-/portals.broadinstitute.org/single_cel Q *

Single Cell Portal =™

Visualization portal for single cell RNA-seq data.

Now featuring studies with (LI cells.

& Browse Studies ©

a © Most Fecare £ Most Papon @ Reoet Fitnr

Single nucious RNA-seq of cell diversity in the adult mouse hippocampus (sNuc-Seq) v

Single ruciecs TINA-seq of cell chandty In B sdull mouse hippocurmges, Habit N LLY, Heidenmech M, Swmech L, Avestam-Owacd |, Tromtetss J, Hesson C, Zang
View M F. Rugev A, Oiv-Seq: Singe-nuches FNA-Seq nevasts cynamics of i scull sewtom nerons. Scieece 28 Jul 2016 DOG 1011 268 cence sas 058

Cortact: reomiGbrondnetinne crg Snge et AINA-Seq provides nc irfoemation about call types and states, However, A is BIfoUl 10 Captun ramm dynamic [rocessss,

uch a8 ndut newrogenes s, bacsuss solstion of mm reurons om adul Sssoe s alerging and markers for sach pross mm limfled. Hem, we develop Dv-Seq. which

pombines scalable ¥nge-rucieus ANA-Saq (shuc-Sad) with puse lsbeing of prolferning cels by EdU... (corenoedt

Retinal Bipotar Neuron Drop-seq v

Retinal Biposar Neurcn Drop-Seq Karthik Shekhar, Sytvain W, Lapan, frone E Whitney, Nichotas M. Tran, Evan Z Macosan, Monika Kowalcryk, Xian Adoonis, Joshua Z
Viaw Stucty Lewin, Jumas Nemesh, Meleaa Goidman, Steven A. MoCamol, Constance L. Capiko, Aviv Fogey, Joanua R. Sanes. Compreherane Classicanon of Ratna Bpolsr
Neurcns by Sngle-Call Tranacnptomica. Cel. Volume 188, issue 5. p1 305-1322.030, 26 August 2018 DOL nttp2fox.dol. o 1010167, celL 2016.07 054 Comtact: Karthis
Shehar & KarthkStroadngituto.og  Pamema of gene mxpreasion can be waed to charactrze and classty neurmnal types. 1 s chalenghng, hawme, 10 genaraio
taxonavies that A2 the scsental critena of being compreharsig, harmonizing with convantona caaalication schemes, and lacking superflcus wbavisions of ganung
Hpes. To addwss these chalenges, wi Leed Maskvaly parallel singla-cal RNA profiing and optimized computational Memhods on i Natangenecis Sass of ., continrued

A transoriptomic taxonomy of adult mouse anterior kateral motor cortex (ALM) v

“ Single-coll ANA-ssq from 1,501 cals i the antanor aters mosoe comex (ALY, # Sub-mgion of the premotor corte, Al Cells wees Colcied bom S84 dy-cld scult mak |


https://portals.broadinstitute.org/single_cell

The Single Cell Portal

Study Descriptions Can Be Created

| Study: Single nucleus RNA-seq of cell diversity in the adult mouse hippocampus (sNuc-Seq)
1402 ol ]

Single nucleus RNA-seq of cell diversity in the adult mouse hippocampus.

Habib N, Li Y, Heidenreich M, Swiech L, Avreham-Davidi |, Trombetta J, Hession C, Zhang F, Regev A. Div-Seq: Single-nucleus RNA-Seq reveals dynamics of
rare adult newborn neurons. Science 28 Jul 2016 DOI: 10.1126/science.aad7038
Contact: naomi@broadinstitute.org

Single cell RNA-Seq provides rich information about cell types and states. However, it is difficult to capture rare dynamic processes, such as adult neurogenesis,
because isolation of rare neurons from adult tissue is challenging and markers for each phase are limited. Here, we develop Div-Seq, which combines scalable
single-nucleus RNA-Seq (sNuc-Seq) with pulse labeling of proliferating cells by EdU fo profile individual dividing cells, sNuc-Seq and Div-Seq can sensitively
Identify closely related hippocampal cell types and track transcriptional dynamics of newborn neurons within the adult hippocampal neurcgenic niche, respectively.
This study contains the sNuc-Seq analysis performed as a part of the Div-Seq method development.

Using sNuc-Seq, we analyzed 1,367 single nuclei from hippocampal anatomical sub-regions (DG, CA1, CA2, and CA3) from adult mice, including enrichment of
genetically-tagged lowly abundant GABAergic neurons (9). sNuc-Seq robustly generated high quality data across animal age groups (including 2 years old mice),
detecting 5,100 expressed genes per nucleus on average, with comparable complexity to single neuron RNA-Seq from young mice (7, 2, 3). Analysis of sNuc-Seq
data revealed distinct nuclei clusters (Fig. 1B-D shown below) corresponding to known cell types and anatomical distinctions in the hippocampus

A B. D
Nuc-Seq | 3.CA2 %“’G 1.06 (Prox?) __L 3.CA2 (Mapsk1s) | 4
o~
g o !
Enzymatic Fixation and &5° 2LA1 v’ - ‘
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Neuvmnl3 - @ Nuclel %0 pe — 3 =
cel body 5.GABAergic

pr mx &0 -2 o Ry L
08 A {SNE1 2.CA1 (Mpped?) \ A A.CA3 (Coh24) ||



The Single Cell Portal

Data Can Be Shared

Filename Description Download
Bigolart_R1 fastagz Bipeéar cull Drop-seq expariment 1, et fastg file
Bipolari _R2.tastq gz Bipolar cell Drop-sag axperimant 1, right fastq file
Bipalar2 R fastq gz Bipofar cell Drop-seq expariment 2, keft fastg file
Bipolar2_R2 fastq.gz Bipoier call Drop-seq experiment 2, nght fasty file
Sipolar3_R1.tastq.g2 Bipolar cell Drop-seq experiment 3, iatt fastq fie
Bipolard_R2 fasta.gz Bipofar ocell Drop-seq experiment 3, nght fastq file 411868
Bipolard_R1 fastq gz Bipoiar cell Drop-saa experiment 4, Jaft fastq file
Bipolard_R2 fastq.gz Bipolar cell Drop-sag axpariment 4, right fastq Hie 41608
Bipolars_R1.fastq.gz Bipolar cell Drop-seg axparsnent 5, joft fasig file 468968
Bipolar5_R2 tastq g2
Bipolars_R1.fastq.gx Bipolar csll Drop-2eg experimant &, ieft fasig file
Bipolarf_R2 fastq gz Bipoiar cell Drop-seq experiment 6, right fastq file
clust_retinal_bipolartxt Lowvan-Jaccard cluster gssignments (CLUSTER) and infomap gssignments (SUS-CLUSTER)
coardinates_retinal_bpaolar.txt Prmary coordinates
exp_rmatrix.bxt median normulized, log transformed values m




The Single Cell Portal

One Can Interact with Cell Clusters

| Search Options Q View/Filter Options O v
Search for genes of imterest (autocompieto) Load n sub-cluster
AJ col types

Or uplond = Ixt of genes {one gene par line)
ChooseFila | Mo fie chazen Single nuclous RNA-seq of cell diversity in the adult mouse hippocampus (sNuc-Seq) Clusters v

Q Soach Genes.

Vimw curated gene lists 83 mesn-centared
exproasion (box & scatter plots)

Pleass select a gene it : . CAY (155 s
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The Single Cell Portal

Gene Expression Can be Viewed Across Clusters

| Gene Expression for GadZ2

Search Options Q View/Fiiter Options & v
Seorch for genes of intereet (autocomplete) Load o sub-cluster
Gad2 All cell types

Or upiond @ st of genes {one gene par Ine)

_____ Expression Values for All Cell Types v

O Search Ganes
Data Poimts
All
View curated gene lists as mean-centered
expression (box & scatter plots)
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The Single Cell Portal

Gene Expression Can be Viewed Across Clusters

Expression Values as Scatter Plot v

Color profile
Reds

All Cell Types Cluster Referenca




The Single Cell Portal

Multiple Clustering Can be Used

Search Options Q View/Filter Options & v
Search for genes of interest (autocomplete) Load a sub-cluster
GABAsmgic .

Or upload a list of genes (one gene per ine)
‘Choose File| Ivo fie chasen

View cursted gene fists as mean-centered
axprassion (box & scatter plots)

Single nucleus ANA-seq of cell diversity in the adult mouse hippocampus (sNuc-Seq) Clusters v

Ploase salect a gana list

Gag2 Hrda 1 (10 ponts)
Gad2 Hoda 2 (8 poirts)
Gad2_Mrda 3 (14 ponts)
View cursted gens lists ss heatmaps 0 . Gat2 Mrds 4 (3 poiety)
*  Gaa2 PnocCek (18 ponts)
Gag2_Pnocvcan (27 ponta)
* Gag2 Pwab (27 ponts)
* Gau2 Sst (25 poinis)

Please sasct a gens list
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The Single Cell Portal

Genes Can Be Viewed in Many Clusters

Gene Expression for Hir3a

Search Options Q View/Filtor Options £ v
Search lor genes of interest (sutocomplets) Losd & sub-cluster
Hirds GABAsgc

Or upload a list of genes (one gene par ine)

LC00Re Fil| Mo fhe chosen Expression Values for GABAergic v

Q Suwrch Germe
Data Points
Al
View curaind gene lists a5 mean-centered
axpreasion (box & scatter plots)
Plsse sadact o gons isl
View curated lists as - Go?_Mria 1
gene heatmaps a 8 a2 Hi3e 2
Plsisa sslact o gene iul H Gos2_tarda 3
Gos2 M &
-] b | GoR Proccok
Bl Gom Provor
B Gad s
¢ B Gos2 8u
o o 5 . o= an = -
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The Single Cell Portal

Expression Can Be Shown in Many Clusterings

Expression Values as Scatter Plot v

Color profile
Reds H

GABAemic Cluster Reference




The Single Cell Portal

Expression in Clusters Can Also Be Shown as Heatmaps

Gene Expression for Major cell types marker genes

Search Options Q Marker Gone Hoatmap v
Search for genes of interest {autocomplete) =B.
Mnge_cel/ ity -andie nuchous Me-$0s-o-oal Chersty n-he -8 k- IMoute: NP ROCETPUS- BNUC- 360 CNOCOmEui od_retu ka TRroecOmEutets Majr » olls types« marhon « Jenes
Counrs | « showing TEV7E3 rows, 7/7 columns 0 rows, © colimng selocied
Or upland & Bat of genes (ane gene per liee) - & /100% |0 RB S Y2 FeR
Chooss File | No e chosen
Q Sawch Gunes &

View curated gone lists as mean-centored
exprossion (box & scatier plots)

Pleass salact 2 gone list

View curated gene lists as heatmaps

Major cab types marker Genes




The Single Cell Portal

e Studies can be ...
— Private
— Private but shared privately
— Public but with data inaccessible
— Public



Section: Wrapping Up

What Did We Miss (So Much)?

Revealing the vectors of cellular identity with single-cell
genomics

Allon Wagner!, Aviv Regev®** & Nir Yoscf! 45

We covered this
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Awesome List

https://github.com/seandavi/awesome-single-cell

O Personal Opensource Business Explore Pricing Blog Support  Thisrepository Sign in u
seandavi / awesome-single-cell @Watch 25 4Star 86  YFork
<> Code lssues 0 Pull requests 0 Projects 0 Pulse Graphs

List of software packages for single-cell data analysis, including RNA-seq, ATAC-seq, etc.

awesome-single-cell

List of software packages (and the people developing these methods) for single-cell data analysis, including RNA-seq,
ATAC-seq, etc. Contributions welcome...

Software packages

RNA-seq

« anchor - [Python] - & Find bimodal, unimodal, and multimodal features in your data

» BackSPIN - [Python] - Biclustering algorithm developed taking into account intrinsic features of single-cell RNA-seq
experiments.


https://github.com/seandavi/awesome-single-cell

Single Cell Network

www.singlecellnetwork.orq

Weicome, Guest  Join  Loghn
Single Cell Network
Connecting people. Advancing science.
HOME | ABOUT | FORUMS | RESOURCES | EVEN
Tracking cancer development at the single cell JOIN OUR DISCUSSION
resolution
BECOME A MEMBER

A study from the Zon lab by Kaufman & al (&
demonstrates that a single melanocyte reactivates the
neural crest progentior state to glve rise to cancer.

Top: A single weaging crestin: EGFP expands into a small

Trad veuraTa
oo e tar

paich over the course of 2 woeks, capturing the initiation # OCOLS
0 ation. Bottom: A tully formed melanoma cifically
axprosses creslin:EGFP, wheroas the rest of the fish remains KEY PAPERS
WEBINARS
TUTORIALS
Launch of HMS single coll dropiet core Have a question about single cell analysis? BIOINFORMATICS
Boston, MA Please chick HERE to stant a discussion or post a AESOURCES
[y question
Single cell analysis of fixed and permeabilized
: mng;(?:flo('::omko Workshop, 11/29-30, cells FOUNDERS
Helke Networkers,
HSO
DISCUSSION

NATIONAL & INTERNATIONAL EVENTS

Single Call Genomics 2016
Wellcome Genome Campus, Hinxton, ...

4th Annual Single Cell Analysis Asla Congress
W sgiecsTretwork org

What did you do to improve first strand
synthesis today?

Hay, folks! | wonder I anyone has spent some
time to optimize the firs! strand synthesize step...

DIsCUSSION

HS(C |

HARVARD STEM CELL

I N ST LT UTE


http://www.singlecellnetwork.org/

Thank You

Aviv Regev

Brian Haas

Adam Haber
Anindita Basu
Asma Bankapur
Chloe Villani
Karthik Shekhar
Kristine Schwenck

Matan Hofree

Michel Cole

Monika Kowalczyk

Nir Yosef

Sean Simmons

Regev Single Cell Working Group
Today's Attendees
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