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1.

Goals for this session

Discuss what is needed to enable scientfists o
analyze and interpret single-cell genomics data.

Overview the technologies, best practices and
infrastructure needed to accomplish the emerging
qguestions afforded by these new methods.

Provide workflows which you and your users can
apply on their own or in collaboration.



About Me

« Computational genomicist — our lab focused on
software development, outreach and analysis.

 We automate initial single-cell RNA-Seqg analyses for
folks at our institution at no cost, but encourage labs
to perform downstream analyses on their own
(AltAnalyze, ICGS, cellHarmony, DoubletDecon,
Schrédinger).



Evolution of Single-Cell Genomics
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Applications
« 100-15,000 cells measured per experiment.
« Unigue molecular indexes or UMI, 3" gene biased.

« Typically low depth-seq (<200k reads) and lower confidence
gene exp.

« 1-10% doublets (QC challenging to detect).
« No splicing, polyA containing genes only.




Emerging Technologies for Single-Cell

Genomi
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Which Plaiforms to Choose and Which

Give Comparable Results

10XGenomics? Supervised ? Cellular ?
_— ¢ Classification ° Interactions *

E14 Kidney

Dissociation 10X Senomics
"

_Drop-Seq
- ——

_ Fluidigm
Fluidigm T
Multi-Platform ~ [ b Interactive
Single-Cell SR U o q Technology

Analysis NSUpervise Comparison Population

Analysis

Description
(Cell Cycle Effects Excluded)

Magela et al. 2017 Developmental Biology



Different Technologies Provide Quantitative

and Qualitatively Different Results
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Not all scRNA-Seqg Analyses Are the

Same

Each experiment has it's own technical challenges and needed
bioinformatics expertise.

« Defining notably different cell states.
— Numerous well-established automated workflows exist.

« Defining subtle heterogeneity or transitional cell states.
— Testing of many tools likely required (no perfect methods).

« Comparing different scRNA-Seq Datasets
— Requires prior bioinformatics experience and novel tools.

« Evaluating BCR/TCR subsets
— Requires immunology and informatics expertise.

» CRISPR Screens
— Significant bioinformatics and investment expertise required.



Developing Reliable Methods to Interface Multi-
Omics Single-Cell Data
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How Can Core Facilities Aid in the Processing and

Interpretation of Massive Datasets?

« Communicating Quality Control

« Establishing Workflows that Automate Primary
Analyses

« Partnering with Computational Genomics
Collaborators/Vendors

« Providing Documentation on User-Friendly
Workflows Users Can Run (e.g., AltAnalyze)



Analysis of 10x Genomics Datasets

ldeally requires a cluster computing
environment.

Software from 10x Genomics is open source
and is run on the command-line (Cell Ranger).

Works with input bcl2 sequence files directly
from the sequencing core.

Runs in 1-2 days, requiring 200GB.

Provides an inferactive viewer to explore their
results (Loupe Browser).

Starting point for deeper analysis with various
tool kits.



nalysis of 10x Genomics Datasets
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Analysis of 10x Genomics Datasets
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Analysis of 10x Genomics Datasets
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Seurat Analysis Workflow
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» Fast

 Handles >100k cells

« Command-Line

 Well-supported

« Many options

« Can visuadlize the
expression of genes
on the t-SNE plof.

Satija R. ef al. Nat
Biotechnol. 2015
May;33(5):495-502



Using Single-Cell Genomics to Understand

the Cellular Origins of Disease

Neutropenia
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tSNE_2

Seurat Canonical Correlation Analysis
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« Can align cells
independent of batch

« Can align cells
between species

« Requires similar cell
types to align.

Butler A et al. Nature
Biotechnol. 2018 Apr 2.



Cell Classification and Molecular

Impact Analysis with cellHarmony

Genes
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Defining Mis-Expressed Genes with

CellHarmony

Row = gene
Column = single cell
Height = expression amplitude

Muench, Salomonis,
Grimes in preparation

AltAnalyze
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AltAnalyze: Comprehensive and Intuitive

Application for Genome Research
2, altanalyze B

Al Maps Videos Shopping News More ~ Search tools

« Among the most easy-to-use freely
available bioinformatics tools.
« Extensive documentation, blogs,
. . Analyzing FASTQ files in AltAnalyze with Kallisto - YouTube
'I'U'I'OI"IO'S, Onllne help. https:/Awww.youtube.com/watch?v=Jylu-V7FmpY ~

Oct 15, 2015 - Uploaded by Nathan Salomonis
This tutorial video steps through how to process FASTQ files using Kallisto in

About 63 results (0.32 seconds)

e | (A ar-47363 >) B 3+ #

AltAnalyze Interactive Results Viewer - YouTube
https:/iwww.youtube.com/watch?v=JNA087qBZsc ~

Aug 23, 2015 - Uploaded by Nathan Salomonis

Brief demo of the new AltAnalyze interactive results viewer. AltAnalyze produces

search

Singh and Salomonis laboratories). These analyses demonstrate that ICGS is not only able to caplure the union of those other

methods, but rationally orders those populations according to a logical developmental sequence and identifies novel transitional

AItAnIayze Bulk and Single Cell RNA-Seq Tutorial Part 1 - YouTube
P Eav— https:/iwww.youtube.com/watch?v=npz34x00ILE ~
= Mar 9, 2015 - Uploaded by Nathan Salomonis

populations, not discovered using existing tested approaches.

A & f:gw@}: & e;,@‘f B "= Video illustrating how easy it is to analyze transcriptome datasets in AltAnalyze.
e = Here we analyze a published ...
go™
2 f*‘ : AItAnaIyze Free download and software reviews - CNET Download ..
23 b =z download.cnet.com/AltAnalyze/3000-2085_4-75445253.htm|

Jun 13, 2012 - Free - Windows
AltAnalyze identify predicted alternative splicing or alternative promoter changes
and view how these changes ...

P @GMP BLK CD34s

Eigure 3. Normal and malignant hematopoietic scRNA-Seq landscape. A) Captured myeloid progenitor populations revealed by
ICGS (532 genes, guide genes not shown). B) -SNE visualization in AltAnalyze of genes and annotated populations from panel A
combined with ScRNA-Seq from & mouse model of AML (Dnmt3a/Fit3 [TD), identifies distinct AML clonal populations. €) IEGS of
the AML clones alone (Meyers SE et al. Cancer Discov. 2016).

AltAnlayze Bulk and Single Cell RNA-Seq Tutorial Part 2 - YouTube
— hitps:/iwww.youtube.com/watch?v=WySm7cQ13mw -
Mar 9, 2015 - Uploaded by Nathan Salomonis
Part 2 in a series of 3 Tutorials. Video illustrating how easy it is to analyze
— transcriptome datasets in AltAnalyze ...

ICGS provides new insights for diverse scRNA-Seq datasets

In addition to its recent ion in ietic cell i and clonal diversity (Meyers SE et al. Cancer Discov.

2016) in cancer, we found that ICGS can provide novel biological insights for a variety of published single-cell datasets (Clsson AH

et al. Nature 2016). These analysis platform is being applied over a dozen of research investigators we are in contact with.

« QOver 18,000 downloads
« >200 peer-reviewed citations
 Available for Mac, Windows, Linux

http://www.altanalyze.org and source-code.



Contact and Tutorials

Nathan Salomonis

Cincinnati Children’s Hospital
email: Nathan.Salomonis@cchmc.org
email: altanalyze@gmail.com

website: hitp.//altanalyze.org

tutorials: YouTube AltAnalyze
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