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Intro to Brian Haas
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Cambridge, Massachusetts, USA
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_ Ph.D. Bioinformatics / Boston University
Bioinformatics Analyst & Engineer
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Annotation and Analysis for Diverse Genomes and Transcriptomes
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My Favorite Activity — Bioinformatics Tool
Development and Application
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My Favorite Activity — Bioinformatics Tool

Development and Application
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My last ~10 years at the Broad Institute has focused on cancer transcriptomics:

Cancer Transcriptome Analysis Toolkit

Single Cell Tumor ~ STAR-Fusion

2 ' f ctat-LR-fusion
De novo Transcript : Heterogeneity InferCNV
Reconstruction Cancer RNA-Seq
2 ..‘4>
Trinit Tumor
i - .
e Mutations, Single Cell
RNA-editing, & Copy Number Aberrations
Neoantigens N
- ."-Q) Cancer
+ P
CTAT-Mutations Fusion AbSlec:\g
CTAT-pVACseq : - - errations
Transcripts Transcript Oncogenic Viruses & e
Expression Genome Insertions L7
STAR-Fusion N
TrinityFusion () CTAT-Virusintegrationfinder CTAT-Splicing
Fusioninspector o N7
CTAT-LR-Fusion )

Interactive Visualizations and Summary Reports ‘%’B

Overview of Trinity CTAT. Given cancer RNA-seq as input, Trinity CTAT provides modules for exploring characteristics of

the cancer transcriptome (and cancer genome) including both genome-guided and genome-free analyses, targeting bulk or

single-cell transcriptomes. Interactive visualizations and reports are provided to facilitate downstream analysis and for
clinical review.



Transcriptomics Lecture Outline

O000OOOooOoOOOs

Intro to transcriptomics

Transcript reconstruction methods

Genome-free transcriptomics (eg. for non-model orgs)

Quality assessment

Expression quantification

Differential expression (brief — more details in Rachel’s workshop tonight!)
Example application to study limb regeneration in Axolotl

Latest advancements in long read isoform sequencing

Overview of single cell transcriptomics

Overview of spatial transcriptomics

WO NOULAWNE

[HEY
o



Part 1. Overview of RNA-Seq
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Intro to Transcriptomics
Central Dogma Of Molecular Biology
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https://www.simply.science/images/content/biology/genetics/molecular genetics/conceptmap/Central Dogma of Molecular Biology.html



https://www.simply.science/images/content/biology/genetics/molecular_genetics/conceptmap/Central_Dogma_of_Molecular_Biology.html

Primary mRNA molecules Often Undergo Splicing in Eukaryotes

Exon 1

Gene in the Genome

Transcription

Primary transcript

Intron Splicing,
5’ Capping,
and 3’ Polyadenylation

Processed RNA

Translation

Protein

Adapted from: https://cs.wikipedia.org/wiki/Splicing

Exon 2 Exon 3
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Alternative Splicing — Multiple Products from Single Genes

» Core regulatory process — diversifies

the function of genes.

» Generates mRNAs that differ in
coding sequence and UTRs. Effects:

— Protein isoforms

— Translation efficiency
— Stability

— Localization

— Reading frame changes

» Estimated 90-95% of human genes
undergo alternative splicing

From Aziz Al’Khafaji, Broad Inst.

Pre-mRNA Mature mRNA
Constitutive splicing
:%h — I N
Exon skipping/inclusion
A A A
Alternative 5’ splice sites
Sya A A e e——
R O .
Alternative 3’ splice sites
AL A e A
e I
Intron retention
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Mutually exclusive exons
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Think of genes as protosentences

i h
Gene: A catalytically active kinase wit a NLS

inactive without

From Aziz Al’Khafaji, Broad Inst.



Think of genes as protosentences

Gene: A catalytically active kinase a NLS

inactive without

Alternative splicing

civel) ___with
iInase

A catalytically \la NLS]
inactive without
with

kinase Aa NLS|
inactive withoutV

[A catalytically

active ‘with
A catalytically kinase Ja NLS
inactive without
active with
|A catalytically kinase fa NLS

inactive withoutV

From Aziz Al’Khafaji, Broad Inst.



Fully formed sentences = mature mRNA

Gene: A catalytically active kinase a NLS

inactive without

Alternative splicing Transcripts

‘ with
A catalytically \/aNLS| [Acatalytically active kinase with a NLS|

inactive without

with
kinase /aNLS| [A catalytically active kinase without a NLS|

inactive withoutV

|A catalytically

active ‘with
kinase .a NLS A catalytically inactive kinase with a NLS

‘inactive without

A catalytically;

active with
kinase fa NLS| |A catalytically inactive kinase without a NLS|

inactiv WithoutV

|A catalytically

From Aziz Al’Khafaji, Broad Inst.



RNA isoform sequencing provides structural insight

: active .
Gene: Acatalytically ~—— ~ kinase — a NLS
inactive without
Alternative splicing Transcripts Proteins
activel with I
A catalytically \/aNLS| [Acatalytically active kinase with a NLS|
inactive without
‘ with
|A catalytically kinase /aNLS| [A catalytically active kinase without a NLS| @
inactive without)/
active with |
A catalytically, kinase / .a NLS A catalytically inactive kinase with a NLS @ A
inactive without

active with
|A catalytically kinase fa NLS| |A catalytically inactive kinase without a NLS|

inactiv WithoutV

From Aziz Al’Khafaji, Broad Inst.

Cellular
function

kinase
nuclear targets

kinase
cytoplasmic targets

competitive inhibitor
nuclear targets

competitive inhibitor
cytoplasmic targets



Biological Investigations Empowered by Transcriptomics

» V/ Extract RNA,
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Gene expression analyses ignore isoform variation

Cellular
function

@ kinase
nuclear targets
@ kinase
cytoplasmic targets
active with
A catalytically kinase a NLS

inactive without ,‘ @ A competitive inhibitor
nuclear targets

a‘jf competitive inhibitor
cytoplasmic targets

Gene expression

From Aziz Al’Khafaji, Broad Inst.



Historical Timeline to Modern Transcriptomics (from 1970)

Reverse Transcription (1970)

Northern Blot

Sanger Sequencing
(1977)

Expressed Sequence Tags (1992)

cDNA microarrays (1995)

RNA-Seq (2006-2008)
PacBio IsoSeq (2014)
Droplet single cell RNA-Seq (2015)

Direct RNA Seq Nanopore (2018)

SlideSeq-v2 (2021)

Reverse ti iption 1970
1975
Northern blotting |-{Sanger sequencing
cDNA ing |
EMBL 1980
Smith-Waterman
Subtractive hibridization
198 FASTA
RACE [ gPCR
1990 BLAST
Differential displa;
dbEST
SAGE 1995
RT-gPCR |- Oligonucleotide microarray
CGAP
SAGEmap
-—|MPSS EST shoti un 2000
SAM
. [Ensembl |
Singlemalecle | rorGE ArrayExpress
Symatlas |—{Mitelman Limma
2005 GSEA
RNA-seq 454
[NanoString |- RNA-seq SBS
Singll [[RNA-seq
= - | [TopHat and
Direct RNA-seq 2010 GENCODE s
Trinity
InsilicoDB
STAR
Sailfish
Droplet RNA-seq 2015 CIBERSORT.
FANTOMS TACO
2020

From Cieslik and Chinnaiyan,

NRG, 2017

Note: Just a small
sampling of what’s
available.

=
™

Smith Waterman (1981)

BLAST (1990)

SAMtools (2009)
Tophat/Cufflinks (2010)

RSEM
(2011)

StringTie (2015)
Kallisto (2016)
Salmon (2017)
minimap2 (2018)
Seurat-v2 (2021)




ies Empowered by RNA-seq

Modern Transcriptome Stud
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Millions to Billions of Reads

RNA-seq



Personal Reflections...

Circa 1995
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Generating RNA-Seq: How to Choose?

Plrife‘::t HiSeq Nova 318

Firefly Next | 2500 | Hiseq | HiSeq | HiSeq SeqS1| Nova [ Nova 5500 [ Hi lon
Platform 2018 |MiniSeq| MiSeq |Seq550| RR [2500V3|2500V4| 4000 |HiSeqX| 2018 | Seqs2|seqs4| XL | 520 | 530 PE uel | 8 | RnD R9.5 | ION D | etical
Reads: (M) 4| 25| 25| 400| 600| 3000| 4000| 5000/ 6000 3300/ 6600|20000] 1400 3-5| 15-20| 165| 60-80| 5.5/ 38.5 = - = = = --| 400| 1600| 1600|--
Read length: 200 200
(paired-end*) 150*| 150*| 300*| 150*| 100*| 100*| 125*| 150*| 150*| 150*[ 150*| 150* 60 400 400 200 200 15K[  12K| 32K - - - -- - --| 100* 50(--
Run time: (d) 0.54 1 2 1.2 1.125 11 6 3.5 3| 1.66| 1.66/ 1.66 7| 0.37] 0.16 --| 0.16 4.3 - - - 2 2 2 - - 1 0.4|--
Yield: (Gb) 1 7.5 15 120 120 600 1000{ 1500| 1800 1000| 2000/ 6000 180 1.5 7 10 12 12 5 150 4 8 40| 2400 80 200 8[--
Rate: (Gb/d) 1.85 7.5 7.5 100 30 5.5 50 --| 93.75 2.8 - - - 4 20| 1200 --| 200 20|--
Reagents: ($K) 0.1 1.75 1 5 10.5 0.6 - 1 1.2 2.4 - 0.5 1:5 - - 0.5 - -] =
per-Gb: ($) 100 233] 66| 50 58.33 = --|__100 | 200 -| 625 375 20| 43 e = =|=
hg-30x: ($) 12000| 28000 8000|5000 E 4 700] 7000 |  -[12000] - 24000 --|_7500[ 4500[ 2400 M =
Machine: ($) 30K| 49.5K| 99K| 250K 1M] 999K| 999K| 999K| 595K| 50K| 65K| 243K| 242K| 695K - --| 125K| 75K| 75K --| 200K ol
#Page maintained by http://twitter.com/albertvilella http:/tinyurl.com/ngslytics #Editable version: http://tinyurl.com/ngsspecsshared
#curl "https://docs.google.com/spreadsheets/d/1 GMMfhyLK0-g8Xklo3YxIWaZA5vVMuhU1kg4 1g4xLkXc/export?gid=4&format=csv" | grep -v 'M#' | grep -v 'A"' | column -t -s\, | less -S

Stats circa 2018
For current, see: https://tinyurl.com/wbgcs65 E_

(\vr) !
=5 = = '
us |
b — —— S————— — = -

*Not all shown at scale



https://tinyurl.com/wbgcs65

Maybe something fast and portable?

Oxford Nanopore Technology (ONT) Minion



Today’s Most Popular Sequencing Technologies

llumina Pacific Biosciences Oxford Nanopore

Images from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield
Nature Reviews Genetics volume 20, pages631-656(2019)



Today’s Most Popular Sequencing Technologies

Illumina

Flowcell

Hundreds of millions to billions of
highly accurate but shorter reads.

Images from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield

Nature Reviews Genetics volume 20, pages631-656(2019) Video at: httDSZ//VOUtU . be/deGBSH RaZ8



https://youtu.be/fCd6B5HRaZ8

Todav’s Most Popular Sequencing Technologies

g

Pacific Biosciences

Intensity

Time

Video at: https://www.youtube.com/watch?v= ID8JyAbwEo



https://www.youtube.com/watch?v=_lD8JyAbwEo

Todav’s Most Popular Seauencing Technologies

Oxford Nanopore
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Video:
https://nanoporetech.com/how-it-works#fullVideo&modal=fullVideo

1TAGG ATCC TTTAGCCTAA

Can do direct RNA sequencing!
and find evidence for methylation


https://nanoporetech.com/how-it-works

Oxford

NANOPORE

Technologies

Why do | need to put a light shield on my
flow cell?

Written by Andrew Goodall
Updated over a week ago

We have found that protecting flow cells from light during sequencing extends in-run
pore lifetime and improves output of the flow cell. MinlION R10.4.1 flow cells run with
short reads show the most benefit when protected from the light.

® R10.41
D R9.A

% Increase in output when

run with flow cell shields
»
8
&

162%
150% 141%

51%

u%
7% 18% g4 TT% 3%
=i == ==

R1041 R941 R1041 RO4T R1041 ROALT R1041 RO4LT R1041 ROA
Short reads Long Reads Short reads Long Reads Short reads

The above image shows a percentage increase in output from flow cells where the array

is shielded from light during sequencing. R10.4.1 and flow cells with short fragment

libraries observe the most benefit from running in the dark. Depending on the sample

type, fragment length, pore occupancy, pore and flow cell type the benefit of shielding

the flow cell array from light. Short reads = 200bp amplicon, Long reads = 30Kb N50

human native DNA samples were prepped with SQK-LSK114 reagents, shielding of light

with flow cell light shields.
https://help.nanoporetech.com/en/articles/8304478-why-do-i-need-to-put-a-light-shield-on-my-flow-cell



https://help.nanoporetech.com/en/articles/8304478-why-do-i-need-to-put-a-light-shield-on-my-flow-cell

A Plethora of Biological Sequence Analyses Enabled by RNA-Seq

| Genetic readouts | Virus Abundance | Functional readouts|

Isoforms

Structural
variants

Chimeras

SNVs

(ie. mutations)

Editing

Figure 2 | Transcriptome profiling for genetic causes and functional phenotypic

r o
eadouts From Cieslik and Chinnaiyan, NRG, 2017



RNA-Seq is Empowering Discovery at Single Cell Resolution

) @/
- Discrete types
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’ Zin Spatial position
Continuous phenotypes <& '
Regulatory [l Pro-inflammatory
Revisiting a
Erythrocyte previous state
“\ N.eutrophil
Source state _ | N
HSc  T-lymphocyte
Unidirectional State vacillation

temporal progression

Wagner, Regev, and Yosef. NBT 2016



Spatial Transcriptomics

Spatial Encoding

Fa

Tissue section

Spatialomics cDNA synthesis

Tissue section

oligo-dT
UMI
Spatial ID

From “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield
Nature Reviews Genetics volume 20, pages631-656(2019)

Sequencing )




A Myriad of Other Specialized
RNA-seq -based Applications

RNA-Sequencing as your lens towards biological discovery

);;/ UV crosslink Biotin

@ RNase V1 f{ RNase S1
= (digests > (digests
dsRNA) ssRNA)
Adapted from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield
Nature Reviews Genetics volume 20, pages631-656(2019)



A Myriad of Other Specialized
RNA-seq -based Applications

Ribosomal profiling

Fun

gUVcrosslink Biotin

‘ RNase V1 > RNase S1
(digests (digests
dsRNA) ssRNA)

Adapted from “RNA sequencing: the teenage years”

Rory Stark, Marta Grzelak & James Hadfield

RNA-Protein Interactions

$ ~ ; v
T 4

Nature Reviews Genetics volume 20, pages631-656(2019)

RNA-RNA interactions

RNA Structuromics

Lk




RNA-seq Publication Trend

Paper Counts from PubMed

10000 -
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RNA-seq library enrichment strategies that influence interpretation and analysis.
RNA-seq Strategy Tissue

R4
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: |

Isolate RNA,
DNAse

!

Initial RNA pool L Legend
—N__ T NS N\

\/\/\ o0 R,o o~ genomic DNA
\/\/\ immature RNA

—==.. mature RNA

non-coding RNA

=0=x<  ribosomal RNA
paired end reads

: - JAY COMPUTATIONAL
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393 @PLOS BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393

RNA-seq library enrichment strategies that influence interpretation and analysis.
RNA-seq Strategy Tissue
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Isolate RNA,
DNAse

Initial RNA pool Ty Legend
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—==.. mature RNA
non-coding RNA

Total =0ex<  ribosomal RNA
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---------------------------------------
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1 Broad transcript representation”
1 High 1RNAs
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1 High unprocessed RNA
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http://journals.plos.org/ploscompbiol/article 2id=10.1371/journal.pcbi.1004393 @PLOS BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393

RNA-seq library enrichment strategies that influence interpretation and analysis.
RNA-seq Strategy Tissue

5 4
i

Isolate RNA,
DNAse

Initial RNA pool ST Legend

A\ VaVal S~ genomic DNA
immature RNA

—==.. mature RNA
} J non-coding RNA

. ) Total RNA =0«  ribosomal RNA
Selection/depletion  pnA  reduction - ides D arid paadi

Resulting RNA pool

A, Total RNA

1 Broad transcript representation”
1 High 1RNAs

3 Abundant mANAs o

1 High unprocessed RNA

:LerNAs
¥ Abundant mRNAs dominate
| High unprocessed ANA

Expected Alignments @ PLOS | soMpuTaTiona
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pchi. 1004393 ~Z" BIOLOGY



http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393

RNA-seq library enrichment strategies that influence interpretation and analysis.
RNA-seq Strategy Tissue
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Isolate RNA,
DNAse
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NS\ S~ genomic DNA
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—=.. mature RNA
i J non-coding RNA

, ) Total RNA ribosomal RNA
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Resulting RNA pool

A, Total RNA D. cONA capture
?am transeript representation” :'V\ NCGCTA Limited transcript representation (targeted) 1
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http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393

RNA-seq library enrichment strategies that influence interpretation and analysis.

RNA-seq Strategy Tissue
isolate RNA,
DNAse
Initial RNA pool T Legend
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A VaVaN o 0 R,() S~ genomic DNA
P i immature RNA
—==.. mature RNA
J J 1 } non-coding RNA
. ) Total MNA  PolyA  cONA 0% ribosomal RNA
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Part 2. Transcript Reconstruction Methods
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RNA-Seq Challenge: Transcript Reconstruction

fragmen-
\' tation
MRNA l RT
(Avg. ~ 2 kb)

sequence library
RT\,_, - -

fragmen-
tation

(Avg. ~ 300 b)

short sequencereads == =
Reconstruct original —
full-length transcripts

(~ 75 to 150 b reads, SE or PE)

Adapted from: http://www?2.fml.tuebingen.mpg.de/raetsch/members/research/transcriptomics.html



Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads
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Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads
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Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads
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Assemble transcripts
from spliced alignments




Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads

Align reads to

genome STAR

Genome

Assemble transcripts

from spliced alignments StringTie




Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads
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Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads

= = = —| -
— e — — e — = =
e e = [::]:] -
s e e TR s Il

wo— -

— =
:1:1121121121[:],:l —f—
0O o o= o o =

Assemble transcripts
de novo




Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads
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Transcript Reconstruction from (short) RNA-Seq Reads

RNA-Seq reads

= = = — (—
— e — — e — = =
e e == - =
=
—e == 0 =
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El —
=x - T- -

Assemble transcripts
de novo

End-to-end Transcriptome-based
RNA-Seq Analysis
Software Package

NATURE PROTOCOLS | PROTOCOL

De novo transcript sequence reconstruction from K

RNA-seq using the Trinity platform for reference

generation and analysis Align transcripts

Brian J Haas, Alexie Papanicolaou, Moran Yassour, Manfred Grabherr, Philip D Blood, to genome
Joshua Bowden, Matthew Brian Couger, David Eccles, Bo Li, Matthias Lieber, Matthew D
MacManes, Michael Ott, Joshua Orvis, Nathalie Pochet, Francesco Strozzi, Nathan Weeks, v
Rick Westerman, Thomas William, Colin N Dewey, Robert Henschel, Richard D LeDuc, Nir

Friedman & Aviv Regev w—]
Affiliations | Contributions | Corresponding authors M—D

Nature Protocols 8, 1494-1512 (2013) | doi:10.1038/nprot.2013.084
Published online 11 July 2013 ‘




Transcript Reconstruction from (short) RNA-Seq Reads
RNA-Seq reads
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Part 3. Trinity for Genome-free
transcriptomics (eg. for non-model orgs)
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Contrasting Genome and Transcriptome Assembly

Genome Assembly Transcriptome Assembly
e Uniform coverage * Exponentially distributed coverage levels
* Single contig per locus « Multiple contigs per locus (alt splicing)
* Double-stranded * Strand-specific

Y [rinity




Trinity Aggregates Isolated Transcript Graphs

Genome Assembly
Single Massive Graph

Entire chromosomes represented.

Trinity Transcriptome Assembly

Many Thousands of Small Graphs
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Ideally, one graph per expressed gene.



Trinity — How it works:

Linear de-Bruijn Transcripts
. > " — .
contigs graphs
: Isoforms

>a1271len=5845
—_— T — >a122:len=2560

—_—— T = v ..CTTCGCAA..TGATCGGAT...
J— —_— — >a124:len=48

_ >81254en=8876 ..ATTCGCAA...TCATCGGAT...
>a126:len=66

Thousands of disjoint graphs



Trini

'— How it works:

Manfred
Grabherr

Linear de-Bruijn
contigs graphs
T
>a121:l8n=5845 iy o
>a122-lenw2560 (f}:)
>a123:len=4443 o
>a124-len=48 n,l\
>a125:Jen=B76 G D
>a126.Jen=66 oD D
3 ¥
&l &cad
.
T GB
N
T

Thousands of disjoint graphs

Moran
Yassour

Transcripts
+

Isoforms

..CTTCGCAA..TGATCGGAT...
.ATTCGCAA..TCATCGGAT...



Trinity — How it works:

Linear
contigs

>a121:len=5845
— — — >a122:len=2560
>a123:len=4443
>a124:len=48
>a125:len=8376
>a126:len=66




Linear
contigs

>a121:len=5845

>a122 len=2560
>a123len=4443

>a124:len=48
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Trinity — How it works:

de-Bruijn Transcripts
—

graphs +
- Isoforms
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Butterfly Example 1:
Reconstruction of Alternatively Spliced Transcripts

@ATCC . .TATTCTGAG@
/
Butterfly's Com paCtEd @ATA.“GCCTGCAG@ 3

Sequence Graph \
2

TATCTTTCTG..GAACCTCAGT(1752nt)




Reconstruction of Alternatively Spliced Transcripts

AATTGAATCC.. TATTCTGAGG(3647nt)

A

Butterfly’s Compacted @m..oecmem@ 3

Sequence Graph \
2

TATCTTTCTG..GAACCTCAGT(1752nt)

Reconstructed Transcripts




Reconstruction of Alternatively Spliced Transcripts

AATTGAATCC.. TATTCTGAGG(3647nt)

T

Butterfly’s Compacted  iccrcroan cecrocacmaazmm > 3

Sequence Graph \
2

TATCTTTCTG...GAACCTCAGT(1752nt)

Reconstructed Transcripts




Reconstruction of Alternatively Spliced Transcripts

AATTGAATCC.. TATTCTGAGG(3647nt)

T

Butterfly’s Compacted @m...aecmem@ 3

Sequence Graph \
2

TATCTTTCTG..GAACCTCAGT(1752nt)

Reconstructed Transcripts

Aligned to Mouse Genome

i HH —H H H—+H1+H H H+1HhH
Naa25 Nalpha acteyltransferase 25 (Reference structure)
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Butterfly Example 2:
Teasing Apart Transcripts of Paralogous Genes
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Teasing Apart Transcripts of Paralogous Genes
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Strand-specific RNA-Seq is Preferred

Computationally: fewer confounding graph structures in de novo assembly:
ex. Forward !=reverse complement
(GGAA I=TTCC)
Biologically: separate sense vs. antisense transcription

lllumina TruSeq Stranded mRNA Kit:

illumina

Trudew® Strandod BNA WT K2
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dUTP 2" Strand Method: Our Favorite

RNA

1 First-strand synthesis with normal dNTPs
cDNA

1 Second-strand synthesis with dTTP = dUTP

w— = U == UU U uu

l Adaptor ligation

/
/-U-U—UU_U—Uu—
/
/-u-u—uu—u—uu—
1 USER™
1 Remove “U”s (Uracil-Specific Excision Reagent)
/
7T T = =
/
77T T = =
l PCR and paired-end sequencing
J/
y

Modified from Parkhomchuk et al. (2009) Nucleic Acids Res. 37:e123

Slide courtesy of Joshua Levin, Broad Institute.



Overlapping UTRs from Opposite Strands

Schizosacharomyces pombe
(fission yeast)

chri1: 5,329,037-5,333,190
-

4,137 bp >
assembled  SHEE-E-E - IENENESFNESE SN NS
sequences KSR K- KO i HE

Forward (0-500)

Read J.“_I_L‘-
o ML,
Reverse

>
HE-E-E1 <
Known SPAPSA3.08
annotation myosin I light chain [ ¢ Q¢ ¢ Qg ¢ ¢ ¢ ¢ ¢ ¢ oy Qg

SPAPS8A3.09c
Protein phosphatase regulatory subunit Paai



Antisense-dominated Transcription

chr2:1,674,778-1,683,672

« 8,852 bp >
> > Y ) ) ) )
Assembled < comp3099_c512_seq1;6.726
sequences ¢ ¢ ( (¢ K« ¢ ¢ ¢ ( ¢ ¢ ( ¢ ¢ ¢ «
compl453_c208_seql0;17.408 comp5369_c113_seq5;0.392

[0 - 500]
rorwere un
Read - - ————

Reverse
Known
annotation < < <
EEEE EEMSI KRR
SPCC417.05c¢ SPCC417.06c¢ SPCC417.07c
chitin synthase regulatory meiosis specific protein MT organizer Mtol

factor Chr2 (predicted) kinase Mug27/Slk1




Trinity is a Highly Effective and
Popular RNA-Seq Assembler

nature -
biote Lhnulnn\

Thousands of routine users.

>15k literature citations

Freely Available, Well-supported,
Open Source Software

GitHub

http://trinityrnaseq.github.io

Nature Biotechnology, 2011



Rob Patro

Trinity — Today, Many More Components

Linear
contigs

>a121:n=5845
>a122 len=2560
>a123len=4443

>a124:len=48
Ija125.len'5876

>a126:len=66 +

sow T |

(Capture paired-end
links between
inchworm contigs)

Ben Langmead

graphs

(off-the-shelf and into the Trinity ecosystem)

Transcripts
+

Isoforms

..CTTCGCAA..TGATCGGAT...
.ATTCGCAA..TCATCGGAT...

g Salmon expression
{fg quantification
'} (eliminate assembly
) artifacts)




nature

protocols

Transcriptome Assembly is Just the End of the Beginning...

De novo transcript sequence reconstruction
from RNA-seq using the Trinity platform for
reference generation and analysis

Brian J Haas, Alexie Papanicolaou, Moran Yassour, Manfred Grabherr, Philip D Blood,
Joshua Bowden, Matthew Brian Couger, David Eccles, Bo Li, Matthias Lieber, Matthew
D MacManes, Michael Ott, Joshua Orvis, Nathalie Pochet, Francesco Strozzi, Nathan
Weeks, Rick Westerman, Thomas William, Colin N Dewey, Robert Henschel, Richard D
LeDuc, Nir Friedman & Aviv Regev

Affiliations | Contributions | Corresponding authors

Nature Protocols 8, 1494-1512 (2013) | doi:10.1038/nprot.2013.084
Published online 11 July 2013
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Reads | | | | » Combine reads
(per sample) l i l Assembled i Normalization?
transcripts
Abundance estimation <«——— —  De novo assembly
(all samples)
Assembled
transcripts
Identify differentially expressed transcripts Identify coding regions
MA plot Volcano plot
S

Expression patterns, transcript clusters




Trinity Framework for De novo Transcriptome Assembly and Analysis

Reads |

» Combine reads
(per sample) Assembled i Normalization?
o transcripts
Abundance estimation De novo assembly
(all samples)
SN Assembled
transcripts

Identify differentially expressed transcripts
MA plot

Volcano plot

\}:;

Expression patterns, transcript clusters

Bioconductor,
& Trinity

Identify coding regions



Trinity Framework for De novo Transcriptome Assembly and Analysis

Reads |

» Combine reads
(per sample) Assembled u Normalization? I
o transcripts
Abundance estimation < De novo assembly
(all samples)
.\ Assembled
‘*u ;) transcripts

Identify differentially expressed transcripts

MA plot l
U.

Expression patterns, transcript clusters

Volcano plot

Bioconductor,
& Trinity

Identify coding regions



In silico normalization of reads

Low

Select reads according to the probability:
target_coverage(read)

P(select read) = Min(

observed_coverage(read) ’

1)

Inspired by C. Titus Brown’s Diginorm



The product of Trinity: a Fasta file of assembled transcripts

Reads I » Combine reads
(per:sampic) Assembled i Normalization?
transcripts

De novo assembly

(all sgm.ples)
r 43 00, l Assembled

transcripts




Trinity output: A multi-fasta file

Pcomp0,_c0_ seql ;33-5528 path=[1:0-3646 10775:3647-3775 3648:3776~ 5527]

PTGAAATUAMALAC ATAT AL AC AT U AATC TUGTGAT TCCAAARTATAATGUAATT ACAATTAAAATT 2.
“l‘l AL G AT AT OGO AL AL CARAG ARG T AR T TCA A O GA T T O SO T T T GL AR A T O TEACT TAGU ATCTCAG T AL A"AAMAG"Iu'J‘.‘CA!"G’T"T“T"TCAG
C‘TWCJtSTMTC\‘:'.‘LGT‘T’TCFC'T’T"AM“i'CM"T‘ACCSCACMMAEAWCMMCWACCCA'A"MAC"AEMCAGCAEMAC’CG\.CC"TGAGCA‘F'C"CCT"MR?:CTM“FAEAT&CADCC

TTCACTCALTAAGA, T AACTUT AL AL AR TS TATAGTGL ATGACAGE TTCC ARAAGAATAC AL T AT ARAAGA TATTGUCCATTTCATAATTTCACTCTTTIT TAC
AT AT T CARAATGTAAGAAT TAGAT U TEATTCAAATGL TACATTY AGAR ACTA “‘?c*rnu. CACATTATTTUTCAACAAL, A < TETTAL,
ACACT G ATGEAGRE > ATTTG,
ATCCCAAGAA, TAT TG CMACGCCCACCCAGTCCCA“CG"MAEMGCCACAM"ACAGMEA'J‘.‘ACC)-CMOCTGGNT“CIAGCCMGTCM’CA-G’JTC"?CMECCA"C!‘
TATTCAARAAGE TUATALTUTGATGUAAC TAGE C T TTCOTTACAN —m—n.:-rmcmc—x COTGA
-T‘!-".‘CM'CCCAC}-LA"ﬁ'ACCA'MACMTGCM fGETGTGLTCT AAGACE, "“CCTCACCMGNA’C“Y"TCACC"T,.EJ."’TAC'C 2 X ACARCAACAGA
ACTUAIAL, AAAUALT A TCGURCAT TAAT TITTCATCTTC TCTTANG TTAGT TTAC
CTOAACAACATCAATACACCOTGATICAGTTOTT A CAACATLE TATAANALA TTTIT -\ACCTAMAC?"MNCE"AGC’TMCCATAT‘TM’CCT"CCA'CCCAME
COCCUTTARAAGEALT TAAR T T T T CAALCATATTTATCCATATETOTATCTCTCTOTCAL TEATCAATCAGET A T CACGT
ACAACCTOTTCC, TITTCCACOTTY GAXCACTAG TCAGTOTCAGCALTTTACCAAGE TCALGUTEGUCTCTGU TUAL, A!“Q'CT’ECTCMA&“ AGAACTTCGACTTCC TEAG
GeToAnCTC CT T TGOCTGUTUGCOETCTEAAGE CAAAAL TUACCACC TG TEGTCATETCTCATGLOCTETCE TACT CTCCCTTCAGLCTOTG T
cccoaTTeTeT CAALGA, TGCCA A TLOTGLTCOTCGLATOTCCTACACCREOTT TR RO CGUOTACACTATOGUCTALCCAACCCAAACTCLCACTGUATGATCAAAAAGCAAC
CCACCTGC T T CALCTOC AT TATACT TATTCTOTATTECTGL T TG CAAATGTOCN TTCLTOGAGE .uwau:::..cm!.ac'ccrcr-n"rc:ﬂ:‘::mnrcnrccxcmrurmcan-c
GTAAALCUAL, T G T T T AT AT A AR T AT T T A T T L S TG T AT AT AT T T AR TAC T C AR AAA T T AAT T CACGATCAARL TEOTTOATGLATT A TCTCGAT
Chun.n.l\-l.l. TETCTCATCTTCTCC TICCATGTTTATGLT AT T O T TAAA T T T T TAGT T IO T T TG TALTC TCAAGTOTTTITTCT cocTeTeT AXC
CCME'ME’GCTCTGSA; T CTGEAC AL T T TTEAAAATT I TOTTTCOTTLOS TAGAAL T IO T AR T AL O T O T ARG T TAAG TG AR T C AL AT G TG T TCARL TCOTTTAATATCAT
C"ACMCA"TG"J;M‘I"ACACTCTCMC'CCAGTMC TAGTOTTOGAAALCTGE! EAA{‘A"'TG.J-"GC&?‘GA,-A(\‘\. T TCT T I T I TS TCT I TTOTTTIYY TTAATTTUTATOGTCLCARGACACTT
TCACAUTAAL ANGEA CTCAALGARLA b T CTAGEAC T ECAGECTCUGTOTTCACATTCCCATOTUTAACT T TAAL A CCOTTTACATOTLC AUA ™T
CART AT TOTALTAAAGATECAALACTATTTICTATICGTTC COACTETACCOTC TOTCAAGCTCATACATATCOC ATGOA "TEunCTTCCCACTCACA:CAGCCAGMC
TEAAGAACCTGUCCATOCT AAGUA TACTGAATTTCCTT ATAAN TTCCCCUTET "‘E"MC"G" TCGATC
CCUTTCTETUACATCTTCICTCACTTOTTEGECT 5 TARCALTT CTCAACGTTA ACTH TITCTTCCT TCTTATGOTCTIC
ACWCA1"CCTCTCY"T”'GA"CCCAACTGAAENACA’CLM{:'C '-".'YCTC?C‘-CMATC'.‘TCCCA’GGMCATCA"C“TCC“C"CGCCYCAGA"TCA‘TCA'T’ SATAL T"E“CCEAAGE"M‘P‘-ATAWT
TTGCTTCAALTAGAACGTCTAACAGEX! TCALTECOTACTTAT AR M‘T&T"CMCE“""TCC‘.‘MCC'JATMAL‘.‘CTCOCATCT'.‘C“ AMATGEACCATATTTETAAICTTCAATAATGTAT
by ~ < X

LG,

A AANGTT! » A CANTGETGT 2CGATGZGOTTAGEATCOALACTCGAGY
ACAGATCLACCACTOL S TCAARTECACE CAGE AL CE A TAGATCCEARCAAE TAGEARTTTCARC ZCGATOGECTGTGEGTTARECETTCT 2 crecTeacer
GETTCTCTCCATATATE ATGARCAGCC. AGTANTAGTC ACTCCAM TCTETCITCARACAAS. ARCTCCAGTCOGZEOTGATACE S TARCATCACTTCOTS CACNTCCA
CTTCTGACTCRT 6z ARGEC COTCAGCTOCAL AACACACAGATECTGES =c AGGOCARGCTTRTCCTCTGTORGEGT AATEGRALAACTCCAR
GOACCTGETTAATCANT TGTGTGEACT STCANCE SICAGRTET CATOG e S P ATCE O QAR S TCT T E ARATAC TEGAAE AT T AAL 2 S TCAGEGTCACECAGE TTGTAT
CEGTOATTALAGCCTTGECTCCGEAN TORTEACCTCC RS CTRAGE TRGETETEGECCTEGEACN AGCT? CTETETTATCCTEICOTE rmcmam:am—c—ccwmac—c
TACTICCCOTTET sceeces CGEE TTCCACARTCAGTC ATCLARNTA AGRACTECCASZEATCTGAGT ST
26CAC TTGEICALOTICT CATGCCCATOE AT TG T T TICCLGACTOTGRAT T TCACTIE T AACTT AL ZECTART TTTCLTET: crercngTarTone FCCAGR
AT O ETAAT AAA G T A AL O T CAGE T T CAGE C IO T ATCT T £ T E CTCL P TOACE A TC T T L L TACE AT 2 C T L 2CCECC A GEGCAGARRE ATGE T =en 2 ZAGATTGCATGATCAA
GETCATCACTGACCARAAGTAGTARCGATT T TTCGOGACAATCT TCCTCEATCTTCTTGTALT = TEACMGRCETALTCOTCLCTCTZCE0AA
CTTTCTZCACALOCGECT TITGTOACTARCT TGEATCTCTONG ARTEGT AGTTGTCATCTLTEGEC zeer CAAGGTGAARGET TOT M M M
ierctirerenecaiat A S ot TSR AT TA TG oL AR AL AT AT A £ LR AT AREAT AR LT AT Can visualize usin g Banda ge
GETCGTIAGEGTCCTGCACAT SCGECAT SARCCTCAGT
>compQ _c0_seq2 len=5399 path=[1:0-3646 3648:3647-5398]
AATTGAATCCCT T T TG AT S CARARAG S TGAAA TS ARAS AL AT AT AL A AT G AR T CACGTGATTGE ARAR TATAATGE AR T T2 L GARE AT TARAA TTATGAARRT ATAL AAAA TTCATGGE AGCACACE TAGE T T . . .
ZECACTC 267 REAGGR AAGAAGTAACTTGA cTeoTT .m.uw:':mer"a\acxrcrcmu:u—wcl. PONTICTTITTICICAGTCT https.//rrWICk.EIthub.IO/Ba ndaEE/
GTAARCAC Acrc"-car—rmr"-'-r-r-m'rcu—rmuu."mu.:maucu-‘mcccrrmcmcx‘cucucaaca_...m.“. AGATEOTALTE. cace
o 2rCAc FTTTANCE CAATC ot O ATAARAGATATTGECCATSTCATANTTICACTCT T2 A
G TATCTCAARATGTAAGAATZAGATCICATZCARATGE TACATES! AGAARATCAGCAAGTA GTGTAA CAEATIATTIGTCARCAN TACATCTTACAGCAGE
AEACETH ATTAGAGEAAGEACCTATGES GEREZC AL TTCATT CTGTGACEGT ATTTGART
ATCCOARGAAACATTATT ACTCCARGCAR COCAT AN CRCARE: » EAAGES e ne
TATTCARARA T2 TTTTTGEGEATCOACCACCICATALZC RS, ACCATGATETAGEET ce AGTAAGAR or ACATY 2 : 3
...\....AA'-r:c:A c7 TAAAGAATGCAATEGTGTGL TECTGOACCAG ARGACEALTE CoTETOACETTALAGTTAY D Bruin graph information
GAGA ARACAGTCALGEAAAECEOTGTCEGAGE TEGECATEACATARTCA STOTCATCITCTCCCAGACCAGCLTETTAN Nodes: 279
cwucmn-cu-auctmr:u TTUTTAAGTGTCAN AACATEACGEOEATTATARAACATALCTTITTCAACCTARAACT TARARACCTA @ Edges: 332
CLCCOETTARARGEAL? MG AAATC S G T T T CCARCCATAZ T TRTECATATETCTAT LG 2 G TG TCACTC ATCAATCAGE ZCCACANEGTCACTIARTGASE SR gnE et
ACARCCTEDT STTTCCACOTST GAR ARG TTTACCAAGE TCACGETOGECTOTGEIEACATITCTCOTCAR
GETTAGCTC TGLCTGE 2 GGEGETETEARGECARAAL ZEASCACC TETEATCATES oG ZACE @raph drawing
T T e G AT G A A AR TG A TaA G L AR G0 S TG T O TGE G T T e A CACE T T TR 00 T AT AL GECT AL AT ARG CT AL
CLALCTGLTC T ACGTCOATGL SATACTTATTICTCTATTSOTGETT LA coce TTCCTCGAGETCEUMET rGerersensy O Scops:  Ertregraoh B
GTAARCCCAE 2GOTICTCGTT CARTAATTTARTTZCOT TTAATACCTCAAAANTTANITCACGATCAAMGTCCTIEATGEN @ Syl ©Sngk  ( Doubs
CAGATETTGTITETGE20GE TETEATCTTESC STCCGTGTITTATGES TECITAAMTTTITAGITICITIGTACTCICMN o e g
AL ECAGE T ARE T ECTCTGEAC T T2 CCCCTGEAL AT C A TS G ARRAT TS TC T2 TC T2 LG = \...J."-r-ccrcrucn—cucrcc-cucrcnm
COALACCATTGUAMT TACAGTCTGAAL T AACOTAGTOT A GAAGAT ATCATCCTCATITTOTTTTITETTCTTIZOICT TS
TEACAGTARET “AR AGAAR xu:cucuca\ccrn-c'\c-nccu::cm—cwarcru:u':cetArcrcrmr*cu Graph display
AT AT T T AL ARG A TG ARG AL T AT T T T O T AT S G T O TG T AT ATC AL 26 AL CTC T ARG L CAC TG TG T AAGE TE AT AC ATATCECTGREC AGATGE
TGARGRALCTGLECATE CARGEARGEGETACTGRAT T TCLOTCTCART ARAL CECTTCOLCERET corcacesemacesatrceag @ Zoom HA%
CLGTRCTCIEACATCTZCICTEACTTCTTOGECTOL COGRTAACALTTGEAAGTCOCALT TEARCGTS! TCTTAACCALNIGE @ Node width: a5
ACARACATTCCTGTCT S T2GGATCCC ARCTGARG ARARCATCCARE I CTC AU TATCTCLCANAT SCGAACATCATCTTCCTCPCGECTCAGATTCARY =
STCCOTCARGTAGA AR TOr G RO T AT R AR AT GE AL M AN T AT M CE RO T ARAACCE AT AR AL SO T ECOATET O R0
TG AGG T ATOT T IO TGO T TGE AL TG CAARARCE TG MG S GEARRGTS) NEDEGE ¢ cox 23,
GAGACTGEALT T CACEALS0CTTEARNTGEAECEAGCACCEAGTASATCCGARE ATTTGARCTCACCATTGEATOCGERETEGET Noda labais
2ETCCTCACCTEOTTCRCT A 5 ACGEACTARTREZCD TOUAACTOTGTCTZE ARRL ae2e
ALCACATCCAGE S TCTGACTCT T ATCOATECTGTGETACARICE ARGEACCEGTATCAGE S ACRCAEN TECTGENEGLCTCCGAT | Custom I Name
AACARCTLCA BEGTTAATGANTZCTGZCCAC ACCA r‘cl."ctcrcrcucucc:.rcccrrcccc"mr-d L Lugh: . LIHad gt
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https://rrwick.github.io/Bandage/

Part 4. Transcriptome Quality Assessment
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Evaluating the quality of your transcriptome assembly

Combine reads

Reads
(per sample)

% 7 &
.‘,

i Normalization?

Abundance e 0 assembly
Assembled
transcripts

~,
S . =0 ™ N —
Identify differentially expressea T Identify coding regions

MA plot plot
- \j

Bioconductor,
& Trinity




De novo Transcriptome Assembly is Prone to Certain Types of Errors

Error type

Family
collapse

Chimerism

Unsupported
insertion

Incompleteness

Fragmentation

Local
misassembly

Redundancy

(Reality)
Transcripts

geneAA IE———
gencAB mm——
geneAC s s

n=3

esssssm——— geneC

geneB mmmm———
n=2

n=1
n=1
n=1

n=1

(Observed)
Assembly

n=1

I
n=]

=]

n=1
n=1
n=4

I
n=1
n=3

Smith-Unna et al. Genome Research, 2016

(Diagnostics)
Read evidence

bases in reads

sl =

ATAGGGATCGGTG

agreement
o —=N

coverage
I
I

no reads align to insertion

w— = —
R —— —— ——
—_— e e

read pairs align off end of contig

.
— T S—

.
— S —

i ——

-
———
—_—

bridging read pairs

— " —— -

- ar”



Assembled transcript contig is only as good as its read support.

% samtools tview alignments.bam target.fasta

1131 1141 1151 1161 1171 1181 1191 1201 1211 1221 1231 1241 1251 1261 1271
GGTGGCTGCGGCGGGTCCGGGCCCATGAGGCGACGAAGGAGGCGGGACGGCTTTTACCCAGCCCCGGACT TCCGAGACAGGGAAGCTGAGGACATGGCAGGAGTGTTTGACATAGACCTGGACCAGCCAGAGGACGCGGGCTCTGAGGATGAGCTGGAGGAGGGGGTGAGGCCCGGGGTCCC]
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What's New

NEWS July 3, 2012. Soybean (Glycine max) and Rat
~iwmetis  (rn5) genomes have been updated.

-:-Ta-‘” April 20, 2012. IGV 2.1 has been released.
See the release notes for more details.

April 19, 2012. See our new |GV paper in Briefings in
Bioinformatics.

Overview

- e .

Citing IGV
To cite your use of IGV in your publication:

James T. Robinson, Helga Thorvaldsdéttir, Wendy

Winckler, Mitchell Guttman, Eric S. Lander, Gad Getz, Jill P.

Mesirov. Integrative Genomics Viewer. Nature
Biotechnology 29, 24-26 (2011), or

Helga Thorvaldsdottir, James T. Robinson, Jill P. Mesirov.
Integrative Genomics Viewer (IGV): high-performance
ggngmics d_a_ta vjsuali;atipp_gnd exploration.




Can Examine Transcript Read Support Using IGV

®00 N IGV

File Genomes VYiew Tracks Regions Tools GenomeSpace Help
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Transcript Sequence as Reference
- 254 bp
p 100 bp 200 bp
| | | | =
y—
GSNO_SRR1582647. bowtie.csort] | | 1@~ 12-0%! =
2in Coverage JIRININNINININININNN HIIRIn =
GSNO_SRR1582647.bowtie.csort I I
am il -
GSNO_SRR1582646.bowtie.csort| [ | 1@~ 200! =
am Coverage N | | [N |1 [ 1 1 T 1 1 1 1 (11 S
GSNO_SRR1582646.bowtie.csort | 11
am I E
GSNO_SRR1582648.bowtie.cson| | | 10~ 10-00! =
am Coverage - 3
GSNO_SRR1582648.bowtie.csort ] Il
am f .
wt_SRR1582649.bowtie.csorted || '@~ 1%-0¢ =
Coverage
0 0 O O O N =
Wt_SRR1582649 bowtie.csorted, || 11
L
Wi_SRR1582650.bowtie.csorted | |1~ +0-%¢! =
Coverage e e dimmnmud N R b8 e e md T i R B e L
wt_SRR1582650.bowtie.csorted. 1
I ~|
Wt_SRR1582651.bowtie.csorted | | 1@~ 1000 =
ERIERas LAl BN, S 1111 1T 11T T LT T T T p— T T T T T T L
wt_SRR1582651 bowtie.csorted. 1 1]
] ~

Sequence — | | ' IQ

13 tracks loaded [[rRINITY_DN130_co_g1_i... ||

[l4310 of 2,058N



Can align Trinity transcripts to genome scaffolds to examine intron/exon structures
(Trinity transcripts aligned to the genome using GMAP)

e 006 IGV
File Genomes View Tracks Regions Tools GenomeSpace Help
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Evaluating the quality of your transcriptome assembly
Full-length Transcript Detection via BLASTX

i Known protein (SWISSPROT)
Trinity transcript /W

9000 T
8000 -
7000
6000
5000

Have you
sequenced
deeply
s -genes enough?

4000 1
3000 -
2000
1000 .

= gwissprot gt80

# genes with full-length transcripts

0 10 20 30 40 S0
# Million PE reads

* Mouse transcriptome



< C  ©® busco.ezlab.org | a 0B 0@
Q@ UNIVERSITE Zdobnov’s Computational E\_/olu;

% DE GENEVE group

FACULTE DE MEDECINE

Assessing genome assembly and
annotation completeness with
Benchmarking Universal Single-
Copy Orthologs

About BUSCO

BUSCO v2 provides quantitative measures for the assessment of genome assembly, gene set,
and transcriptome completeness, based on evolutionarily-informed expectations of gene content
from near-universal single-copy orthologs selected from OrthoDB va.

BUSCO assessments are implemented in open-source software, with a large selection of
lineage-specific sets of Benchmarking Universal Single-Copy Orthologs. These conserved
orthologs are ideal candidates for large-scale phylogenomics studies, and the annotated
BUSCO gene models built during genome assessments provide a comprehensive gene
predictor training set for use as part of genome annotation pipelines.



< C @ busco.ezlab.org % a @ = ol

= UNIVERSITE —w,gz i
%~ DE GENEVE group == =

FACULTE DE MEDECINE i

Assessing genome assembly and
annotation completeness with
Benchmarking Universal Single-
Copy Orthologs

#Summarized BUSCO benchmarking for file: Trinity.fasta
#BUSCO was run in mode: trans

Summarized benchmarks in BUSCO notation:
C:88%[D:53%],F:4.5%,M:7.3%,n:3023

Representing:
1045 Complete Single-copy BUSCOs
1617 Complete Duplicated BUSCOs
139 Fragmented BUSCOs
222 Missing BUSCOs
3023 Total BUSCO groups searched




Part 5. Expression Quantification
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Abundance Estimation
(Aka. Computing Expression Values)

Reads » Combine reads
(per:sample) Assembled i Normalization?
— transcripts
Abundance estimation | < De novo assembly
(all samples)
S9N Assembled
transcripts
Identify differentially expressed transcripts Identify coding regions
MA plot Volcano plot

Bioconductor,

& Trinity Expression patterns, transcript clusters




Calculating expression of genes and transcripts

[
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Read count

Expression Value

1T 2 1T 2

Slide courtesy of Cole Trapnell



Calculating expression of genes and transcripts

I
l
1

fil
"
!
1l

| — e 2 . R
Low High
——— == e s —_
3 O ] 4 | —{
Short transcript Long transcript

Read count

Expression Value

T 2 3 4 1T 2 3 4

Slide courtesy of Cole Trapnell



Normalized Expression Values

* Transcript-mapped read counts are normalized
for both length of the transcript and total
depth of sequencing.

* Reported as: Number of RNA-Seq FFragments
er Ililobase of transcript

per total IVliillion fragments mapped

RPKM (reads per kb per M) used with Single-end RNA-Seq reads
FPKM used with Paired-end RNA-Seq reads.



Transcripts per Million (TPM)

_FPKM. ;. ¢
EjFPKM

I'PM .

Preferred metric for measuring expression
* Better reflects transcript concentration in the sample.
* Nicely sums to 1 million

Linear relationship between TPM and

FPKM values. TPM

Both are valid metrics, but best to be consistent.

FPKM



Multiply-mapped Reads Confound
Abundance Estimation

Isoform A
I N - I
I I L |
| & =B | | & B |

Isoform B

Blue = multiply-mapped reads
Red, Yellow = uniquely-mapped reads

Get original slide



Multiply-mapped Reads Confound
Abundance Estimation

SIS SIS SIS T Estimateexpression, memime smim = eme
I N
Isoform A

I B AdjModel Params, NN L1

Isoform B Proportioning Reads
Blue = multiply-mapped reads Use Expectation Maximization (EM) to find the
Red, Yellow = uniquely-mapped reads most likely assignment of reads to transcripts.

Performed by:
* RSEM (genome-free)
» Kallisto, Salmon (alignment-free)



————__A

Salmon —Don't count. .. quantify!

nature methods

BME__ N Altmetric:210 Citations: 42 More detail »
Uses a suffix array
instead of the
de Bruijn graph

Brief Communication

Salmon provides fast and bias-aware
quantification of transcript expression

Rob Patro , Geet Duggal, Michael | Love, Rafael A Irizarry & Carl Kingsford

Nature Methods 14, 417-419 (2017) Received: 29 August 2016
doi:10.1038/nmeth.4197 Accepted: 22 January 2017
Download Citation Published online: 06 March 2017

https://combine-lab.github.io/salmon/



https://combine-lab.github.io/salmon/

Part 6. Differential Expression
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Differential Expression Analysis

After Dinner!! -- Thanks, Rachel !!

Thx, Charlotte Soneson! ©



DE analysis requires a counts matrix

Transcript_ID

TR24|cO_gl1_il

TR2779|c0@_g1_il
TR127|c1 g1 i1l
TR2107|c1_g1_il
TR2011|c5_g1_il
TR4163|c0_g1_il
TR5055|c0_g2_i1l
TR1449|c@_g1_il
TR1982|c2_gl1_il
TR1859|c3_g1_il
TR1492|c0@_g1_i2
TR1122|c0_g1_il
TR2278|c0@_g1_il
TR4084|c0O_gl1_il
TR4761|cO_g1_il
TR3638|c@_g1_il
TR2090|c0_gl1_il
TR3854|c0_g1_il
TR131|c@_gi1_il
TR5075|c0_g1_il
TR2182|c3_g2_i6
TR3788|c@_g1_il
TR4859|cO_g1_il
TR2487|c0_gl1_il
TR2122|c0@_g2_i2
TR4277|c0O_g1_il
TR4669|c0_g2_il
TR3091|c0O_gl_il

wt_37_2
90.00
186.00
9.00
59.00
11.00
368.00
36.00
196.00
7.00
0.00
1895.00
2.00
497 .00
95.00
2089.00
647.00
0.00
1878.00
32.00
13.00
1.44
17.00
6.00
386.00
145.00
4466.00
0.00
22.00

wt_37_3
67.00
137.00
23.00
65.00
4.00
422.00
17.00
230.00
7.00
0.00
1906.00
3.00
610.00
148.00
1746.00
676.00
0.00
1734.00
28.00
22.00
2.70
30.00
12.00
383.00
135.00
4701.00
0.00
17.00

wt_37_1
85.00
217.00
16.00
47.00
4.00
425.00
27 .00
207.00
6.00
1.00
1921.00
0.00
598.00
86.00
1875.00
712.00
0.00
1864.00
31.00
21.00
3.84
22.00
8.00
424.00
136.00
4284.00
0.00
19.00

wt_GSNO_3
36.00
147.00
2.00
6.00
8.00
172.00
4.00
66.00
4.00
0.00
1104.00
3.00
333.00
77.00
155.00
117.00
22.00
1775.00
1001.00
6.00
3.35
91.00
4.00
689.00
155.00
118.00
209.00
250.00

wt_GSNO_1
35.00
186.00
0.00
6.00
5.00
216.00
7.00
113.00
3.00
0.00
1263.00
0.00
406.00
111.00
174.00
184.00
0.00
2173.00
1233.00
8.00
0.00
132.00
1.00
866.00
157.00
134.00
0.00
308.00

wt_GSNO_2
34.00
197.00
1.00
7.00
7.00
210.00
3.00
91.00
8.00
0.00
1319.00
0.00
413.00
127.00
165.00
174.00
0.02
2151.00
1208.00
10.00
0.00
125.00
3.00
806.00
201.00
164.00
217.50
284.00




Typical output from DE analysis

Transcript_id
TRINITY DN876 cO gl il
TRINITY DN6470 cO gl il
TRINITY DN5186 cO gl il
TRINITY DN768 cO gl il
TRINITY DN70 cO gl il
TRINITY DN1587 cO gl il
TRINITY DN3236 cO gl il
TRINITY DN4631 cO gl il
TRINITY DN5082 cO g5 il
TRINITY DN1789 cO g3 il
TRINITY DN4204 cO gl il
TRINITY DN799 cO gl il
TRINITY DN196 cO g2 il
TRINITY DN5041 cO gl il
TRINITY DN1619 cO gl il
TRINITY DN899 cO gl il
TRINITY DN324 c0 g2 il
TRINITY DN3241 c0 gl il
TRINITY DN4379 c0 gl il
TRINITY DN1919 cO gl il
TRINITY DN2504 cO gl il

logFC
~7.15049572793027
-7.26777912190146
~7.85623682454322
7.72884741150304
-12.7646078189688
-5.89392061881667
~7.27029815068473
-7.45310693639574
-5.33154406167545
10.2032564835076
4.81030233739325
-4.22044475626154
4.60597918494257
-4.27126549355785
-4.47156415953777
-4.90914328409143
4.87160837667488
-4.77760618069256
3.85133572453294
4.05998814332136
-6.92417817059644

Up vs. Down regulated

1ogCPM

10.6197708379285

AN O~ Jo)J WO WOWOWoOYWOW-JkFE oy W1 W

.03987604865422
.18570464327063
.7514619195169
.86482982471445
.07366563894607
.02209568234202
.91664918183241
0.6977538760467
.32607652700285
.88844409410644
.9937398638711
.86878463857276
.70894399883
.22535948721718
.93768691394594
.84850312231775
.94111259715689
.23712813663389
.95937301668582
.20370039359785

NFPFWEFENRFREFRPRPRPRPRPRPPERORFRPDNDDWOOWDRERERO

PValue

.687485656951e-287
.17049180235068e-278
.32504881419265e-272
.92853491279431e-253
.32919557933429%e-243
.64955175271959e-235
.30540921272851e-229
.74243356676259e-225
.44273728647186e-213
.27180216086162e-205
.24746518421083e-197
.9819997623131e-192
.8930437900069e-185
.76766063029526e-181
.11054513767547e-180
.20092562166991e-179
.60585457735621e-173
.48140532848425e-164
.8588621194715e-161
.42022459856956e-160

Avg. expression level

O J P, o0 Ul Ok EFEP JdJOoFE N WOOoO N OO

FDR

.46813252309319e-284
.99099671894011e-275
.28895605240022e-269
.02322972829624e-250
.08660221852944e-240
.99678053376405e-232
.1256583780971e-226

.33594396920022e-222
.10600240380933e-210
.46160321501501e-202
.96922341846683e-195
.16877001368402e-189
.03657669244235e-182
.03392426122899e-179
.32089939088761e-178
.92487989160089%e-177
.83915621667372e-171
.4046554341137e-161

.12501850393425e-159
.83497227268296e-158

Significance



Tools for DE analysis with RNA-Seq

edgeR ROTS
ShrinkSeq TSPM
DESeq DESeq2
baySeq EBSeq
e Vsf NBPSeq
. Limma/Voom SAMseq
Bioconductor  mmaiff Noiseq
T cuffdiff Sleuth

(italicized not in R/Bioconductor
but stand-alone)

See: http://www.biomedcentral.com/1471-2105/14/91
A comparison of methods for differential expression analysis of RNA-seq data
Soneson & Delorenzi, 2013



http://www.biomedcentral.com/1471-2105/14/91

Part 7. Case study: salamander transcriptome
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Exploring Mechanisms for Limb Regeneration
with Transcriptomics

Work done in collaboration with
Jessica Whited’s lab

53 HARVARD

Department of Stem Cell
and Regenerative Biology




Axolotl (Ambystoma mexicanum) Transcriptomics

£

Axolotl "water monster”, aka Mexican
salamander or Mexican walking fish.

* Model for vertebrate studies of tissue
regeneration

* Short generation time

e Can fully regenerate a severed limb in just
weeks.

* Genome is ~30 Gb (Huge!)




Lovable Pets, Too!

Rayan Chikhi’s
pet axolotls




Key morphological steps during limb regeneration

wound epidermis
=" <47
\—»ﬂ—»ﬂ—sﬂ\-—» — —
|

[ | | |

24 hours 1 week 1 week 1 week 2-3 weeks




- BT

<l 7 Jessica Whited, Mark Mannucci, Ari Haberberg



1. Building a reference Axolotl transcriptome

1.3 billion of
100 bp paired-end . oo &
lllumina reads 2 & LA {’,

limb tissues and select
other tissues with
biological replicates



Framework for De novo Transcriptome Assembly and Analysis

Reads » Combine reads }_j:"gg?js
(per sample) l i l i Assembled i Normalization?
o transcripts -
Abundance estimation < : : De novo assembly 86 Million
: (@ ,Sam;p es) Normalized Reads
Bowtie & RSEM By Assembled
transcripts
Identify differentially expressed transcripts Identify coding regions
MA plot Volcano plot
EdgeR, A
Bioconductor, Expression patterns, transcript clusters
& Trinity [ T

E:_;' A\




Axolotl Transcriptome De novo Assembly Statistics
And Quality Assessment

. . ExN50 looks good!
In silico Normalization
. N50=3457, >
1.ag+09 138 Counts of Transcripts : 5°a:d > gé?i
3 § o
1.2E+09 g | .
Trinity contigs 1,554,055 & 24K transcripts | & |
1£+09 (transcripts) o n \
800000000 — Z 3 o
Trinity components | 1,388,798 Woog \
600000000 i ] |
400000000 -
200000000 - Min. length 200 bases g -
0 - § T T T T T ol
Total PE  Normalized 0 20 40 60 80 100

frags PE frags Ex

Percent of Non-normalized Fragments Mapping as Properly Paired to Transcriptome

|
Bone Cartilage  Cartilage  Ovaries Testes Blood Blastema Elbow Forearm Hand Heart Blastema Skeletal

(Long) (Wrist) Vessel (Distal) (proximal) Muscle

R K




Biological Replicates Cluster According to Sample

Correlation

_  Tissues
o ﬁﬁf%l%m

Cartilage

Bone

_ Blastema
Tissues

Blood Vessel

Heart

Arm

Gill Filament

Ovaries

Skeletal Muscle

Testes

Pearson Correlation Matrix for Tissue Replicates



ldentification of Tissue-enriched Expression

Skeletal Muscle Cartilage .‘:;,3%

- % Bone

Arm
-, 8 Blood Vessel
"\J
Blastema Heart

9

Testes .
2 9OVa”es Gill Filament

EdgeR, min 4-fold change, FDR <= 1e-3



|dentification of Tissue-enriched Gene Expression

Tissues

T s ST prunn B

Arm (193), GO: thick ascending limb development [8.8e-5]
Ovaries (1225)

Skeletal Muscle (539)

= Testes (4113), GO: spermatogenesis [2.5e-14]

Genes

Blood Vessel (939)

Bone (272), GO: myeloid leukocyte differentiation [2.2e-3]
Blastema (202): limb morphogenesis [2.5e-5]
Cartilage (255), GO: collagen fibril organization [4.5e-10]

Gill Filament (765)
EdgeR, min 4-fold change, FDR <= 1e-3 Heart (238),

Functional enrichment using GO-Seq GO: vascular process in circulatory system [2.6e-3]




Most Highly Expressed Blastema-enriched Genes

Log2(FPKM)

H#wmr'arﬁ‘rmﬁ'ﬁra-..-ﬁ'?n

CIRBP (cold-inducible) RNA-binding protein

RABP2 Retinoic Acid Binding Protein 2
MFAP2: Microfibrillar-associated protein 2

MKA: Pleiotrophic factor-alpha-1

FBN2: Fibrillin
TENA: Tenascin

HES1: transcription factor
CXG1: connexin

RAI4: cytoskeleton & cell-cell adhesion

VWDE: von Willebrand factor D and EGF
KERA: Keratacan

K2C6A: Keratin, cytoskeletal

o

B ST transcription factor (pt. 2 of 2)
TWIST: transcription factor (pt. 1 of 2)

0 ! KAZD1: growth factor bin@

Color key: Regulator Signaling Structure and Extracellular Matrix




Functional Characterization of Blastema-enriched KAZD1

RT-PCR Timecourse of Kazald1 Expression
Days post-amputation
10 17 23 30 60

Intact 1 3

Relative
intensity

In situ hybridization of kazald1 over course of regeneration

kazald1

5DPA _ °“ 7DPA _

“

"',,',ea,rlj."buﬁ —  late bu-d

— 35 DPA intact —
Work by Jessica Whited’s group, Cell Reports, 2017



Morpholino Knockdown of Kazald1 Expression

*%%

c B 4

control = 0.14

control kazald1-MO

Viral-based Delivered Over-expression of KAZD1 Leads to Regeneration Defects

kazd1

O Normal
] Abnormal

®
Qo
£
=
8
o
Q
=
=
Z

|

Control  kazd1
Work by Jessica Whited’s group, Cell Reports, 2017
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A Tissue-Mapped Axolotl De Novo Transcriptome
Enables Identification of Limb Regeneration Factors

Jan 17, 2017




Part 8. Latest advancements in long read
isoform sequencing
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Some transcripts can be challenging to reconstruct from short reads

 Complex alternative splicing (many isoforms)
* Very long RNAs (ex. Titin —up to 36 kb)

* Transcripts containing repetitive sequences



Transcript Reconstruction or Expression Analysis can be
Quite Difficult at Complex Loci

CcComprehensive Gene Annotation Set from GENCODE Version 2714iFfT37 (Ensemi1 98>
————— 3 1 3 - - - 4
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Too complex... don’t guess from short reads, use long reads.

0

omprehens ive Gene Annortation Setr from GENCODE Version 27 14iFfTt37 (Ensemi1 98>
& - - . -

: - -

T

:

W

=
NDRG=

|

(Ex.) NDRG2 | i :
78 Isoforms (Gencode v19) L z
Which isoforms are expressed? == §

Is there evidence of differential transcript usage?

NDR
Basic Gene ANNoratrion Set from GENCODE Vers.ion 19
-

|

]
P
"
1]
"
o
]
1]
U]

o

f

R
Y

ﬁ

i

DRG2!




Editorial | Published: 12 January 2023

Method of the Year 2022: long-read sequencing Inflection point for LR

transcriptomics
The variables onRNA molecules: concertor Wk~
cacophony? Answers inlong-read sequencing - A

Long read
PacBio SMRT ONT PacBio ONT ONT PacBio PacBio
sequencing MinlON Sequel GridION PromethlON Sequel Il Revio
201 2015 2015 2017 2018 2021 2023

MAS-seq _40-120 million
(commercially cDNA reads

Kinnex)
~5 million 1-10 million 400,000 10-30 million 30-150 million 4 million 8 million Throughput
>1% 5-10% >1% 5-10% 5-10% >1% >1%  Error rate

Long reads for Single Cell Transcriptomes!!

Different cell types Different isoforms
“ mm & &
Info on error rates for long reads — impressive!! > - | "
https://nanoporetech.com/accuracy - - , SEPVE
https://www.pacb.com/technology/hifi-sequencing/ S amme.
99% ....99.9% ...
Sl - .
Q20 Q30 < Short reads

+ Long reads


https://nanoporetech.com/accuracy
https://www.pacb.com/technology/hifi-sequencing/

Standard isoform sequencing is inefficient on the PacBio platform

PacBio HiFi Sequencing
CCS read accuracy ~ # passes

CDNAlIbI’ary “ ‘ g 1000_ :‘nnn .............. ".
Ligate adapters (s 9 0.998-
¢ 3 0.996-
L, s sssssasn ) 8
' 5 0.994-
@©
2 0.992-
o O
O
O 0.990d i
| | | I | |

Sequence 0 10 20 30 40 50 60
number of passes

o i ‘ Passes Base calling accuracy increases with
i s the number of consensus reads.
E i J Total bases: ~Q30 (99.9%) @ 10 passes.
- ¥ ~200kb
Clrcull_leflrzpsnsgnsus (e 200kb total = 20kb / pass
| ea ACCAG Reference

From Aziz Al’Khafaji, Broad Inst.



Standard isoform sequencing is inefficient on the PacBio platform

WGS fragment
PacBio HiFi Sequencing Uy D
cDNA library 20kb capacity
'
Ligate adapters (] 0251 was
- ¢ 0.20
AT —— ) > 99.9%
' @ 9157 accuracy
2 0.10 | i
0.05 :
[
Sequence 0.00 - . : T T T T 1
0 10 20 30 40 50 60
. i ™™ number of passes

errors :
wopas,
L&

R

— ' {Passes HiFi for WGS involves 20kb segments

J Total bases:

]
Circular Consensus ~200kb
HIFI Read Aclg;:;AG Reference

From Aziz Al’Khafaji, Broad Inst.



Standard isoform sequencing is inefficient on the PacBio platform

PacBio HiFi Sequencing

2kb
cDNA library A
¢ . (M cDNA
Ligate adapters (s, ‘\‘ ,,.
1 \
L g 3 i::i
] — 150-Seq S
0251 was
0.20 A
> 99.9%
@ 0159 accuracy
Sequence 8 010 - !
0.05 - i
-HS Swtﬁdl ‘\___%»
— = G H.[ i—‘ 0.00 - I/ : T T T T J |

0 10 20 30 40 50 60

— number of passes

% W N M A O ek I

——h | Total bases: |
+ | O,,azgoaf: > Most transcripts are <5kb and get >60

Circular Consensus passes. Wasted sequencing potential!

HiFi Read itm

From Aziz Al’Khafaji, Broad Inst.



Standard isoform sequencing is inefficient on the PacBio platform

PacBio HiFi Sequencing

cDNA library -
Ligate adapters (s
2

T ————— j

.
Sequence

it Passes
Circular Consensus ~200kb

HiFi Read AC[!;Z'AG Reference

From Aziz Al’Khafaji, Broad Inst.

18kb lost opportunity!

4 N\
~ J
20kb capacity
= |50-Seq
0259 was
0.20 -
> 99.9%
@ 0159 accuracy
2 0.10 i
0.05 - !
[
000 L
| | | 1 | | |

0 10 20 30 40 50 60
number of passes

Of the 20kb segment, RNAs only use ~2kb



Standard isoform sequencing is inefficient on the PacBio platform

Multiplexed Array Sequencing (MAS-Seq)

PacBio HiFi Sequencing
cDNA library

cDNA library B
* - distribute

Ligate adapters (s =
; ~

PCR1-AB PCR2-BC PCR3-CD PCR4-DE PCR(n)

‘ P sassisimsnsa ¥
$ k “au\e'g\d"*‘ e I W’ W S
B . C
Sequence | ?587/
o - dU digestion
i —‘ - reaction clean up
am . A B . ~C Y J—
-+ | Passes =B C- D B =
e J - ligate cDNASs
- ‘ D Total bases: s A B c D E v,,.m;,'_."ZOkb size
Circular Consensus ~200kb I N
HiFi Read Ac[%m Reference - PacBio sequgncin.g
SNV - cDNA demultiplexing

From Aziz AI’Khafaji, Broad Inst. >15-fold increase in throughput



Technical validation using RNA isoform standards

SIRVs (Spike-in RNA Variant Control Mixes) are synthetic gene isoforms

SIRVome SIRV 1 SIRV2  SIRV3 SIRV4 SIRVS SIRV6
SIRVs: y: i ., || - | ol T e
69 isoforms Lim oy T ‘B Hith =
15long SIRVs I - ) LI (= G
| ERCCs:92 e
LU | =
TR e — — — -— —
OOooo oo
|I I e W
I
L Vs | B _|
i1 . [ Bl W
H = - -'_l
|11 . i}
[ N N
[l B
= n =
=
. ([ | =
i B |
¥ Bl |
. »

SIRVS serve as truth dataset to evaluate MAS-seq'’s ability to accurately
identify RNA isoforms.

LEXNOGEN

From Aziz Al’Khafaji, Broad Inst.

SIRV7

= I
= "l:!if



Long-read sequencing accurately identify RNA isoform standards

Smart-seq 3 MAS-1SO-seq 501
e 1 M Cenel TPR = 0.568 TPR=0996] o
= 3 w
B 2 0.08 &
Q 3 5 0
K% 3T
S 4 006 3 <
& =7
n o
o ° 0.04 % 3
S 6 g 3
g 0.02 g
< . o =

1T 2 3 4 & 6 i 1 2 3 4 B 6 7
Input SIRV isoform

Gene X

—HE .

transcript X .., short-read long-read
o — —
T - | —————
1- -_ Cm——————
O, = = e
T X, == 5 | e
— l- )
— e e—
|:_X4 =l — C —
CCEE T
Ol T & = | ———m—
T — ]
-:- X, — Co— T E—

277 Loid

From Aziz Al’Khafaji, Broad Inst. &/____’_/



Transcript Reconstruction from (Long) RNA-Seq Reads

RNA-seq Long Reads (not drawn to scale)

= = = — =l
= 80 g8 — = = =
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—— = = EEET o=
=
— - T -
Align reads to RNA-Bloom?2 Assemble transcripts
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GMAP Rattle
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O e — (under dev) |
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Part 9. Overview of Single Cell Transcriptomics
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The Quintessential “Fruit Smoothie Metaphor”
for Bulk RNA-seq

Cell Type A

VS.

Bulk RNA Seq SCRNA Seq

From: https://perkinelmer-appliedgenomics.com/2022/02/15/single-cell-rna-seqg-intro/



Step 1: Break down tissue to single cells (or nuclei)

(i) Mechanical (ii) Enzymatic (iii) Filtering (iv) Selection
. (dissection) (FACS/MACS)
L@ 2 ! !
N— — — \;1 N—

Can also extract and sequence nuclei instead of whole cells — popular in neurobiology

Lafzi et al., Nat Protocols, 2018



Examples of Different Popular Classes of Single Cell Sequencing

Plate-based methods

Low throughput
l Cell lysis (Steps 1-8)
Poly(A)* RNA
,—‘ N AAAAAAAAAA
R

>
Oligo(dT) primer =

Reverse transcription
and terminal transferase (Steps 9-11)

LNA-containing TSO
EEET GiGiG s/ /S s AAAAAAAAAA

e N

Template switching
by reverse transcriptase (Steps 9-11)

ISPCR primers

[i—=]
| —— | —
ISPCR primers
PCR preamplification of cDNA (Steps 12—14)
PCR cleanup (Steps 15-26)
GGG | re—
I CCC —————

l Tagmentation (Tn5) (Steps 28-31)

"

l Gap repair, enrichment PCR

™

| — e}
= ccc

™

. . and PCR purification (Steps 32-36)
P5 primer 5 index
T

- .
- —i
N
i7 index P7 primer
Sequencing (Steps 37-41)

s 4— Read2seq
Rihgexseq: Readdiseq Sequencing-ready fragment —» {7 index seq

Smart-seq2 Method: Get reads covering the
full length of the RNA molecule.

Picelli et al., Nature Protocols, 2014

/® '

Droplet-based methods

Oil

T

““«r..

HybridizationI
and reverse
transcription

P o® (g@

Cell lysis

Droplet’

From Potter, Nature Reviews Nephrology, 2018

Barcoded
beads
P R
—
(
M
Lol —-— Demultiplexin Cell-specific reads
barcode UMI RNA Y g

TGACAATAARGACT. . . .. . TCTAGCTG
e L RA TGACARGTTACGTC. .. ... ACAATGCT
TGACAATARAGACT TCTAGCTG LSRRI BARGCOE e s SICHEMIE
COTTAGGTTACGTC. .. oo e v GATTATAG = ACAGTATAMAGACT. . .. .. GGGCCCCG
TGACAAGTTACGTC. . ... ..., ... ACAATGCT | ACAGTAGTTACGTC...... GTCACATC
GTTAGCTGATGCCG. . .y vvvn . CTTTGCAT ——— ACAGTATGATGCCG . . TCGACGAT
GTTAGCTGATGCCG. . .o vvvu v TCTCGACT
COTTAGTGATEECS . . - o oo CCTCGAGE —— 3 GTTAGCTGATGCCG. ., . .. CTTTGCAT
ACAGTAGTTACGTC............GTCACATC ,/’/ - S ST R 'TCTC(:’ACT
TGACAATGATGCCG . . - .. - ... .. GTCACATC / i (U AL S AR Ll s
ACAGTATGATGCCG. .. ..... ... TCGACGAT = ( CGTTAGGTTACGTC ..... GATTATAG )
GTTAGCTARAGACT. .. .........ACATGCTG —————x STTAGTGATGCCG. . . . . .CCTCGAGC ‘
GTTAGGTTACGTC. .« v v v v vv v v TAGCCAGT MTAGGTTACGTC. . . .. . TAGCCAGT

Lafzi et al., Nat Protocols, 2018

Unique Molecular Identifier (UMI)



Single Cell Transcriptome Sequencing Methods

scRNA-seq Methods

10x i sci-RNA-
Smart-seq2 CEL-Seq2 Chromium Drop-Seq Seqg-Well inDrops seq
J'\LM_—’ J'Ml = T N J’Mll_—’
e0® ®° O» ce® ®° O DG Lﬁbbrc-“;ﬂ\\\ °oo® 9 ¢
T | PR | | ST | | e
Many reads : =
along the
Full length 3' counting 3' counting 3' counting 3' counting 3' counting 3' counting
Low throughput High throughput
~400 cells ea. ~3000 cells ea.

Averaged counts of UMIs and Genes per cell by method

2519

g2~

Smart_se

5972

2631

CEL Seq2”

UMIs
3560
1464 710 742
Genes
1296 768 442 412
2 3 g 2
g o (%]
S
" method

Based on Ding et al., NBT 2020



Single Cell Transcriptome Sequencing Methods

Smart-seq2 CEL-Seq2

Many reads
a|ongthe A B EEEEERRN

Full length E 3' counting

Chr:)(r)r):ium Drop-Seq Seq-Well inDrops sci;l:;\lA-
3’ counting == gene expression .
I= transcript expression @

-

Low throughput

scRNA-seq Methods

HEEENENHENBNHBS A
3' counting |a
-

| EEEEEER
3' counting

|| EEEEEERRE EEEEEERR |
3' counting 3' counting

3' counting

High throughput

~400 cells ea.

~3000 cells ea.

Averaged counts of UMIs and Genes per cell by method

7500 - 5972
5000 -
2500 -
O -
3688
3000 - 2519 2631
2000 -
1000
0 ; 1
o o~
o o
[} ()
wl wn
= o |
£ s}
w

UMIs
3560
1464 710 742
Genes
12ae 768 442 412
5 g g 2
5 a %)
=
(&]
S

method Based on Ding et al., NBT 2020



Single Cell Transcriptome Sequencing Methods

scRNA-seq Methods
.IIIIIIIIIII
|
: : : -RNA
Smart-seq2 [5| CEL-Seq2 - Chrl(r)r):ium E Drop-Seq Seq-Well inDrops scn;eq L
H [
- o = 2
: : J'\LM_-' : J'Ml — ,,o\ J'L ll_—> =
[ ] - 0@ ©@° O : @ O+ O ',&,: g“é c_;;a\ ® ©° 0 @
o |8 e [H |aTE 2% SR |
y [ = e
along the  [% E -
Full length [=| 3'counting . 3' counting | 7| 3'counting 3' counting 3' counting 3' counting
u o
| | n -
- Low thipughput - - High throughput
= n 5 o
E ~400 gells ea. - E ~3000 cells ea.
| |
- ! : -
- Ayeraged counts of UMIs dnd Genes per cell by method
|
: : : UMIs
w: - : :
] [ |
# UMls 3888- = =92 o 3560 o
e : o s 1464 710 742
| ™ : G n
n 0 8 CIes
o : : -
# Genes 0% 25198 2631 S E— -
442 412
EOOO L. S o E " » T
v E m T - z - o o £
- E m O ™ o - = @
mi D & 5,2 :
:lllllllll. :.....9.. .d
En¥etho

Based on Ding et al., NBT 2020



10x Genomics Chromium Single Cell Transcriptome Sequencing

10x Next GEM Technology samples a pool of ~3.6 million X gxg v
10x Barcodes to separately index each cell’s transcriptome 10x Next GEM Technology for Single Cell Partitioning

Read 1 10x Borcode |

e
e e P
Read 1 10x Barcode Sequence | e

see

Read 1 10x Barcode St

\ ¥ ® @ \“‘
\
N | “q‘
— All generated cDNA from individual =i
. PR its ...to identify cellular subtypes and rare cells
...enables massive transcriptional profiling of fyce typ
S ge ia in the samples.
thousands of individual cells...
o\
]
Cell 1...
Gene 1
Gene Gene 2,00
(
Cell 30,000 . :
Gene 1 Gene 2 Gene 2,000
‘ , ! ’ ’ 80k to > 1M cells/run

https://www.10xgenomics.com/platforms/chromium



https://www.10xgenomics.com/platforms/chromium

Analysis Workflow for Single Cell Transcriptomics

Reference genome

[ |
—
| ‘_‘j :
| : : a
- |-
_ H
| . |
|| -

Celll Cell2 ... CellN

Genel| 3 2 .13
sene2 | 2 3 . 1

Gene3| 1 14 . 18

GeneM 25 0

- Align reads to the reference genome

- Collapse PCR duplicates (by UMIs)

- Build a {Gene X Cell} UMI counts matrix



Single Cell Transcriptomics Data Processing Workflow

Normalization
Imputation
K Cells
o 1 2

0
2
0
0
1

Gene ‘count’ matrices for single cell data tend to be
very large and very sparse

- O

eg. 25k genes x 100k cells

Genes

(almost all zeros — no reads detected)

== | Q| o

o|lxN|lo ||
ol|lslo|ole o
oomow;/

& Remove cell - cycle }

Batch correction

Various processing needed:

- Which cells are ‘good’ cells? vs dying/stressed cells,
doublets, or empty droplets?

- possibly remove confounding cell cycle signatures
from expression data.

- Multiple experiments/replicates - batch correction?

Andrews, 2021, review



In Silico Removal of Ambient RNA

(by Cellbender)
Phenomenology of ambient RNA

Cell dissociation

Nucleus extraction
e

Remove cell - cycle ~
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Cell Markers and Read Quantities by Cell Type

Batch correction
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Cell-type markers

Andrews, 2021, review



Metrics for Filtering Cells — Keep the Good Ones

Normalization Filter cells based on #genes, #UMiIs, and %Mito RNA
Imputation
Cells Histogram of #UMls per cell Histogram of #genes per cell
A 3000 B
Q| 112 |5 |0 1604 0.
2500 140
0O 0 O o 3 ) 700
0 1 0 2 0 O 2000 100 4 600 1
% g o g 500
(GR o) (o) o (o] 3 1500- 60 1 3
E 404 E 400+
0 7 0 4 0 1000 - 20 1 300 -
1lol1]l0|0 0 t000 2000 000 4000 2001
500 - Count depth
100
R I | ) 05 10000 20000 30000 40000 50000 o5 1000 2000 3000 4000
emove cell - cycle Count depth Number of genes
Batch correction c D
Cells ranked by #UMls 4000 Gene count vs. UMl count = .o
£ 104 § 9000 3 015 5
€ = 2000 | Vi '5
g B 8 -01 g
o E E
2 c
2
1000 & 0.05 E’
10%] \ [
; : . ; . . . : O, : : : : ; -0
g 0 2000 4000 6000 B0OD 10000 12000 14000 0 10000 20000 30000 40000 50000
s Barcode rank Count depth

Exclude cells with high
Andrews, 2021, review mitochondrial RNA content



Batch Correction for Single Cell Transcriptomes

Normalization

Plot your cells and paint by batch to examine this.

Imputation . .
Coll Batch correction methods are available
ells

ol1/2|5|0

olo|o|lo|a
23 | 0O 2 0 O . .
2 1M () Bl No batch correction Batch correction
| 0 O O o0 2

0(7|0| 4|0

1lo|l1|0]|o0

Remove cell - cycle

Batch correction

Figure 3. UMARP visualization before and after batch correction.
Cells are coloured by sample of origin. Separation of batches is clearly visible before batch correction and less visible afterwards, Batch correction was performed using
ComBat on mouse intestinal epithelium data from Haber et al (2017).

Andrews, 2021, review



Integrating scRNA-seq data sets based on common sources of variation

Normalization

Imputation
a
Cells
O 12 |5 |0
0O 0O O 0 3 N
§ 1.0 2 0 0 2
Slo o o o 2
0O 7 0 4 0
1fl10f(1 0|0
Remove cell - cycle ) "
Batch correction

Andrews, 2021, review

Peripheral blood mononuclear cells (PBMCs) +/- stimulation

Unaligned Aligned Cell Types
b S c epic enc @B amvatad BNK G4 memary T
3 9 Eyih ®CDidmuno 9B o T aumsted
@ Centrol @ IFN-B* ® Control @ IFN-' @M< ®CDiEmoo ®CDET ©CD4nsive T
40 404
40
20 204
20
o~ o
w 0 w0
1 Z
0 : 2 2
B oy b
-20 =204
-20
—-40 -40+
-25 0 25 -25 0 25 50 -25 0 25 50
t+SNE 1 t-SNE 1 t-SNE 1
.
Mouse and human pancreas islet cells
Unaligned b Aligned Cell Types
# Human & Mouse @ Human & Mouse @Beta ®Ductal @ Delta @ Endothellal © Beta er stress
® Alpha @ Acinar @ Stellate ® Gamma  ® Immune
504
25 55
254
a3 o
04 %’ d :?% o
358 —254 -25

60 20 0 40 40

Aligned using Seurat via canonical correlation analysis (CCA)
Butler et al., Nature Biotech, 2018



Finally, Single Cell Data Exploration and Biological Discovery

Normalization
*  Cell clustering

Imputation Literature *  Defining cell types
+ *  Biomarker Discovery
Cells Existing datasets

o 11250 Cell pe1

olo|o|o|3
e 1020 |0
: +

Cell type 2

8 0O 0 O 0 2 Visualization i

0O 7 0 4 O ‘fm ’

1 0 1 0 0 e

Remove cell - cycle

* Cell state continuities

Bl cmation » Differentiation trajectories

Dimensionality reduction via
t-SNE, UMAP, etc

Andrews, 2021, review



Popular Software Packages for Single Cell Transcriptome Studies

Tutorials

Clustering

For getting started, we recommend Scanpy's reimplementation [EIIBNEN of Seurat's
[*cite_satijal5] clustering tutorial for 3k PBMCs from 10x Genomics, containing preprocessing,
clustering and the identification of cell types via known marker genes.

Visualization

This tutorial shows how to visually explore genes using scanpy. [ EIREEEN

H

. . i
- B - He
e = . : !
- 13
o | & H e T ] bomaz o
o eve o} S 4+ {1 <eeen X

Trajectory inference

Get started with the following example for hematopoiesis for data of [*cite_paul15]:

F. Alexander Wolf, Philipp Angerer & Fabian J. Theis,
Genome Biology, 2018;
Isaac Virshup: lead developer since 2019

Vignettes ~ Extensions FAQ News Reference

From
Rahul Satija’s
ization vignette |ab

SCTransform, v2 regularization

Data vi

Using Seurat with multi-modal data

Seurat v5 Command Cheat Sheet

Introduction to scRNA-seq integration
Integrative analysis in Seurat v5

Mapping and annotating query datasets

Dictionary Learning for cross-modality integration
Weighted Nearest Neighbor Analysis

Integrating scRNA-seq and scATAC-seq data
Multimodal reference mapping

Mixscape Vighette

Sketch-based analysis in Seurat v5
Sketch integration using a 1 million cell dataset from Parse Biosciences
Map COVID PBMC datasets to a healthy reference

BPCells Interaction

Analysis of spatial datasets (Imaging-based)

Analysis of spatial datasets (Sequencing-based)

Cell-cycle scoring and regression
Differential expression testing

Demultiplexing with hashtag oligos (HTOs)



Gene expression # transcript expression

Gene Y

scRNA-seq

But — long isoform reads to the rescue!!
From Aziz Al’Khafaji, Broad Inst.

Saua9)



Long read scRNA-seq (scMAS-Iso-seq) of tumor infiltrating CD8 T cells

CDA45 T-cell Marker Isoform expression resolved via long reads

CD45 RB CD45 RAB
CDA45 epitope

. e iy f_.'z':_ g e
expression L T R Y P TR CD45 RO
P 4 r".'r(- -'.
. (4 a .
N '-_;Q.:ﬂ-. .. - - 7 >
2:’:..}:;3‘.;‘-". \.:‘-..'i '_.i .-‘. .' .' ":‘ L ™ ¢ ; !
. Y. % e F:
)

CD45 RBC CD45 RABC

MAS-1SO-seq

B Al .
T AR

(by CITE-seq)

)
rd ’2,' -
. ahe aRe o
Y L O
Pt T
ALl o Bt

Perform MAS-Iso-seq on the 10x sc libraries to get long isoform reads at single cell resolution

Al’Khafaji et al., Nature Biotechnology, 2023



Cataloguing Cell Types and Building Cell Atlases

Tabula Sapiens

Tabula Muris

Single-cell
franseriplemiesg

VO

Overview of Tabula Sapiens. Moccular characterization ef cell types wsing sing e-col transcrptome sequenc ng

iz revolutionizing coll biolgy and enabling 1 5ig?
human re‘erenca atias comarising nearly 500,000 cells

0 the pf

24 gifferent tissues anc crgans,

ogy of human argan: reaten 2

from the same

dorier. This mulmoda atlas enabied molecular charactenzation of more Whan 400 cell lypes.

Tabula Drosophila

Fly cell atlas

Adult fly

17 tissues Crowid
580,000 cells annotation

>250 cell types

-- Analyses

cell-type ontology

LObep=—————
» Datasets ﬁ
v Tissues |
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M

Gene regulatory Cross-tissue
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Sexual Trajectory
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Just the beginning...



Single cell analysis is revolutionizing cancer research

Nonmalignant cell types

Macrophage BEeII Endothelial cell DC

_ : NK cell and
Neutrophil Tcell Fibroblast other cells

Intricate tumor ecosystem

Cell-cell communication

Malignant cells e
| . Genetic
Blood vessel \ .{ ) @ * @ vagtuon
S Functional
P Intra-tumor heterogeneity ~ state

From Li, Jin, & Bai, Protein & Cell, 2022



Clinical Application for Tumor Single Cell Transcriptomics
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Part 10. Overview of Spatial Transcriptomics
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Method of the Year: spatially resolved
transcriptomics

Nature Methods has crowned spatially resolved transcriptomics Method of the Year 2020.

- ““Starry s-k'ié»s in'\_‘zi.té'space.. 'explorat-idn.- e

In transcriptomics, spatial resolution-opens. up new worlds too.” . -

Starry skies invite space exploration. In transcriptomics, spatial resolution opens up new worlds too.
Vivien Marx Credit: bjdlzx/Getty Images



Method of the Year: spatially resolved
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Nature Methods has crowned spatially resolved transcriptomics Method of the Year 2020.
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Single Cells vs. Spatial Transcriptomics
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Classes of Spatial Transcriptomics

Imaging Readout Sequencing Readout
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Based on In Situ Hybridization (ISH)
and fluorescent tags



Classes of Spatial Transcriptomics
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Single Molecule Fish (smFISH) Methods for Visualizing RNA Molecules at Sub-cellular Resolution

a Long probe, many labels b Shorter probes, fewer labels C Many probes, single label ea.
220 o o eeoe e e Bt 1.1 272 717 7 277271 77727 1910 PT00NFRIOYYYINTY

Target: hunchback RNA in Target: single transcripts in Target: end-1 gene in
Drosophila embryo mammalian cells C.elegans embryos

Rolling circle amplification (RCA) of ’padlock probes’.

Labels hyb to RCA product.
d y P Branched oligo sets

Reverse transcription

mRNA <O Label b . .
p & e s i e e that amplify labeling
— RNase H digestion
qooomoooo o mRNA T Amplifier molecule
Padlock Padlock probe |
probe hybridization
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/~ \Ligation | J molecule
?éi:cﬁon l mm
mlﬂm
]HCP mm
Detection probe
TARGET: ERBB2 (aka. HER2) in e A Target: ERBB2 (green) and
human fibroblasts 18SrRNA (red)

Itzkovitz & van Oudenaarden, Nature Methods Supplement, 2011



Multiplexed Error-Robust Fluorescence in situ Hybridization

MERFISH is a massively multiplexed single-molecule imaging technology for spatially
resolved transcriptomics capable of simultaneously measuring the copy number and spatial
distribution of hundreds to tens of thousands of RNA species in individual cells.

COMBINATORIAL LABELING ® SEQUENTIAL IMAGING ® ERROR ROBUST BARCODING

https://vizgen.com/technology Movie: https://www.youtube.com/watch?v=00QekKSscjA


https://www.youtube.com/watch?v=O0QekKSscjA

10X Genomics Xenium — 100s to 1000s of Targeted RNAs visualized at subcellular resolution

Padlock probe
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https://www.10xgenomics.com/videos/s3lgk4sivj?autoplay=true



Classes of Spatial Transcriptomics

Imaging Readout Sequencing Readout
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Based on In Situ Hybridization (ISH)
and fluorescent tags



Spatial RNA-seq — 10X Visium HD

The Capture Area is a
continuous lawn of oligos
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Spatial RNA-seq — 10X Visium HD
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Integration of Single Cell and Spatial Transcriptomes

Identification of cell Physical localization of cell
subpopulations subpopulations in tissue
scRNA-seq

Cell-type
deconvolution
or mapping
Dimensionality >

reduction

Spatial transcriptomics
(high-plex RNA imaging
ID cell subtypes or spatial barcoding)

Longo, NRG, 2021 + matched short and long reads!!



Just a couple months ago...

21 papers published October 2023 from NIH’s BRAIN Initiative Cell Census Network (BICCN)

A naturalist goes to bat for Adapting COVID-19 booster Spin selectivity.across a HeaVily USing Single cell SequenCing and Spatia| teChnOIOgies,
s

Mexico’s biodiversity p.144 vaccines to variants p.157

explores fundamental questions about the brain, including:

* How different are individual people’s brains at the cellular
level?
* same basic cellular parts list, the proportions of
certain kinds of cells and the genes switched on in
those cells varies substantially from person to person.

* How different are our brains from those of our closest ape
relatives?
* same basic brain cell type architecture, many genes
involved in connections between neurons and the
formation of circuits in the brain are different.

* How many kinds of brain cells do we have?
 >3thousand!!

*  What are the properties of these cells?

* How do these cells emerge and mature in development?

From: https://alleninstitute.org/news/what-makes-us-human-detailed-cellular-maps-of-the-entire-human-brain-reveal-clues/



https://alleninstitute.org/news/what-makes-us-human-detailed-cellular-maps-of-the-entire-human-brain-reveal-clues/

In Summary

Many applications for RNA-seq, technology continues to evolve.

Analysis can involve reference genomes or be genome-free via de novo
transcriptome assembly — Trinity can help.

Quantification involves counting reads and considering read-mapping
uncertainty

Long reads now available for applications previously limited to short
reads, involve far less read mapping uncertainty, and enable isoform
rather than gene expression analyses.

Single cell and spatial transcriptomics studies are revolutionizing our
understanding of tissue complexity, diversity of cell types, and cellular
interactions - particularly in studies of cancer.

Massive resources being built: whole organism cell atlases and high-
resolution spatial maps



