Lecture |3. RNAseqg

Michael Schatz

March 9, 2020 @
Applied Comparative Genomics




Assighment 5: Due Wed Mar | |

Assignment 5: Annotations and RNA-seq

Assgrment Dane Weearesdyy, March 4, 2000
Dve Date: Weanesday, March 11, 2020 @ 11 58pm

Assignment Overview

In this sssgrrmens, you will aralyre gerne exprossion dats and leam how to mate seversl binds of piots In the enwronment of your choce. (e suggest Python or 2] Make sure o show your
workjcode in your wrbep! Az Sefore, any guestions about e astigament should be posted to Plazea

Guestion 1. Gene Annctation Prefiminaries (10 pta)
Dowricad the annctation of bulid 38 of the human genome rom here: 12D sraermbl org/potyrelesse -87) gt homo_seplenaMomo_saplens GRONIA AT g g2

o QUeition 1a How Mmaty aatatled (roten COTWY QENes e 0N 8CH SuA0a0me Of I human SInome? [HInt Protein COTWG Oenes will have “Dane™ i THe 350 COMMA, #d CONLAN The
fobowing Dl Oone Deityps “proten codng”)

o CUasTIon 10 WL IS The Masimum, mRnimurm, mean, and SLandend Gevation of the soan of Droten o0 genes? [HnL Use 1he genes Wenilfed n 1]

o Quetion Tc. What is the mudmum, minimom, mass, and standard deviation In the surmber of exons for Srotein coding genes? [Mint: you thould separately consicler sach acform for sach
prooein coding gene)

Cuestion 2. Sampling Simulation [10 pea)

A typical human coll has ~2%0 000 traracripts, and a typicel Bolk BNA-wg experirment may rvoive millons of celle. Cormeguently In an ENASSS experiment you may St sith rillors of RNA
molscdes, athough your seguencer sl only ghve 8 few millon to billons of reads. Therefore your ENASeq sxperiment will 20 3 small sampiing of the Tull composition, We hope the seguences
Wil Do 3 reprosentytve sarmple of the 156l popuation, Bus I your samphe I8 wery UniLcky of Blased & may A0t fepresent The Yue distrbution W will aspions this concegt by sampling 3 smal
swbnat of ranscripts (500 10 00001 owt of » much Lnger sat (VD 55 Tt you Can evalvate Tus Dias.,

N dara et with 1,000,000 Snos we prowice an abetraction of RMA-50Q Gata where normalration has bees performed and the sumber of Tmes 3 END NaMe OCOWTS COMMEONTS 1D 16 NumBer
of YaNECriEs I e sample




Project Proposal

Project Proposal

Assignment Date: Monday March 9, 2020
Dous Date: Mondary, March 16 2020 @ 11:50pm

Review the Project iceas page
Work s0I0 0f form @ 10am for your class DIOject (MO More than 3 Decoie 10 @ 1eam),

The proposs shoudd have the following components;

* Name of your team

o List of team members and emall addresses

o Short title for your proposal

o 1 paragraph description of what you hope 1o do and how you will do it

o References to 2 to 3 relevant Dapers

o References/URLs to datasets that you will be studying (Note you can aiso use simuiated data)

o Please 0dd 8 note ¥ you need me 1o sponsar you for 8 MARCC account (high RAM, GPUs, marny cores, eic)

Submit the proposal as a 1 to 2 page POF on GradeScope (each team member should submit the same POF). After submitting your proposal, we wil
schedule a time %0 discuss your proposal, especially to ensure you have access to the data that you need. The sooner that you submit your proposal,
the sconer we can schedule the meeting. No late days can be used for the project.

Later, you will present your project in class during the last week of class. You will 8350 submit 3 written report (5-7 pages) of your project, formatting #s
# Boinformatics article (iraro, Methods, Results, Discussion, References), Word and LaTeX termplates are availlable st
mipsfacademic.oup combicinformatics/pages/submission_online

Please use Pazza to coordnate proposal plans!




Goal: Genome Annotations

aatgcatgcggctatgctaatgeatgeggetatgctaagetgggatccgatgacaatgeatgeggetatgetaat
gcatgcggctatgcaagetgggatccgatgactatgctaagetgggatccgatgacaatgeatgeggetatget

aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgeatgeggetatgetaatgaa

tggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggatccgatgacaatgeatgeg

gctatgctaatgcatgeggetatgcaagetgggatccgatgactatgctaagetgeggetatgetaatgeatgeg
gctatgctaagetgggatccgatgacaatgeatgeggetatgetaatgeatgeggetatgcaagetgggatect

gcggctatgctaatgaatggtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgegget

atgctaatgaatggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggaatgeatgeg
gctatgctaagetgggatccgatgacaatgeatgeggetatgetaatgeatgeggetatgcaagetgggatcecg

atgactatgctaagctgcggctatgctaatgcatgeggetatgctaagetcatgeggetatgctaagetgggaat
gcatgcggctatgctaagetgggatccgatgacaatgeatgeggetatgctaatgeatgeggetatgcaagetg

ggatccgatgactatgctaagctgeggetatgetaatgeatgeggetatgctaagetcggetatgctaatgaatg
gtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggetatgetaatgaatggtettgg
gatttaccttggaatatgctaatgcatgcggctatgctaagetgggaatgeatgeggctatgctaagetgggatc

cgatgacaatgcatgcggctatgctaatgcatgeggctatgcaagetgggatccgatgactatgetaagetgeg

gctatgctaatgeatgcggetatgctaagetcatgegg



Goal: Genome Annotations

aatgcatgcggctatgctaatgeatgeggcetatgctaagetgggatccgatgacaatgeatgeggetatgetaat
gcatgcggctatgcaagetgggatccgatgactatgctaagetgggatccgatgacaatgeatgeggetatget

aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgeggetatgctaatgaa

tggtcttgggatttaccttggaatatgctaatgeatgeggetatgctaagetgggatccgatgacaatgeatgeg

gctatgctaatgcatgeggctatgcaagetgggatccgatgactatgctaagetgeggctatgctaatgeatgeg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatcct

geggctatgctaatgaatggtctigggattis 2t dsigssatccgatgacaatgeatgeggct

atgctaatgaatggtcttgggatt sctatgctaagcetgggaatgeatgeg
gctatgctaagctgggatccgat Atgcggctatgcaagetgggatccg

atgactatgctaagctgcggctatgctaatgecatgeggetatgctaagetcatgeggetatgctaagetgggaat
gcatgcggctatgctaagetgggatccgatgacaatgeatgeggetatgetaatgeatgeggetatgcaagetg

ggatccgatgactatgctaagetgeggetatgctaatgeatgeggetatgctaagetcggetatgctaatgaatg
gtcttgggatttaccttggaatgctaagetgggatccgatgacaatgeatgeggetatgctaatgaatggtettgg
gatttaccttggaatatgctaatgcatgeggetatgctaagctgggaatgeatgeggcetatgctaagetgggatc

cgatgacaatgcatgcggctatgctaatgeatgeggcetatgcaagetgggatccgatgactatgctaagetgeg

gctatgctaatgcatgeggctatgctaagetcatgegg




Qutline

|. Alignment to other genomes
2. Prediction aka “Gene Finding”

3. Experimental & Functional Assays
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Very Similar Sequences

Query: HBA HUMAN Hemoglobin alpha subunit
Sbjct: HBB HUMAN Hemoglobin beta subunit

Score = 114 bits (285), Expect = le-26
Identities = 61/145 (42%), Positives = 86/145 (59%), Gaps = 8/145 (5%)

Query 2 LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF-——-—-—-- DLSHGSAQV 55
L+P +K+ VA WGKV + E G EAL R+ + +P T+ +F F D G+ +V
Sbjct 3 LTPEEKSAVTALWGKV--NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGNPKV 60

Query 56 KGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPA 115
K HGKKV A ++ +AH+D++ + LS+LH KL VDP NF+LL + L+ LA H
Sbjct 61 KAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKLHVDPENFRLLGNVLVCVLAHHFGK 120

Query 116 EFTPAVHASLDKFLASVSTVLTSKY 140
EFTP V A+ K +A V+ L KY
Sbjct 121 EFTPPVQAAYQKVVAGVANALAHKY 145



Qutline

|. Alighment to other genomes
2. Prediction aka “Gene Finding”

3. Experimental & Functional Assays




Campylobacter jejuni RM1221 30.3%GC

Campylobacter jejuni RM1221 30.3%GC

VY o



Eukaryotic Gene Syntax

< complete mMRNA >
«———coding segment ——»|
ATG TGA

«—— exon ——+— intron ——«— exon —«— intron —»\<— exon —»

ATG :-- GT —AG| ... |GT —AG}::-:-TGA

S —— —— —
start codon donor site acceptor donor site acceptor stop codon
site site

Regions of the gene outside of the CDS are called UTR’ s (untranslated regions), and
are mostly ignored by gene finders, though they are important for regulatory functions.

Duke |



GlimmerHMM architecture

TTTTTTTTTrmmmmmmmmmmmTizzz====-Four exon types

----#-----------Phase-specific introns

I Exon Sngl ‘

QCH NP == — — — = = = = - - —

* Uses GHMM to model
gene structure (explicit
length modeling)

MRS | - Various models for scoring
individual signals

« Can emit a graph of high-
scoring ORFS

Exon Sngl




Gene Finding Overview

* Prokaryotic gene finding distinguishes real genes and
random ORFs

— Prokaryotic genes have simple structure and are largely
homogenous, making it relatively easy to recognize their
sequence composition

* Eukaryotic gene finding identifies the genome-wide
most probable gene models (set of exons)

— “Probabilistic Graphical Model” to enforce overall gene
structure, separate models to score splicing/transcription
signals

— Accuracy depends to a large extent on the quality of the
training data



Qutline

|. Alighment to other genomes
2. Prediction aka “Gene Finding”

3. Experimental & Functional Assays




*-seq in 4 short vignettes

RNA-seq
Ilr‘rmﬂ M m
T da e

Methyl-seq
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o

N
H

ChlP-seq




Gene expression patterns of breast carcinomas distinguish tumor subclasses with clinical implications.
Sorlie et al (2001) PNAS. 98(19):10869-74.



RNA-seq Overview




RNA-seq Challenges
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Challenge 1: Eukaryotic genes are spliced



RNA-Seq Approaches

Fig. 2 Read mapping and transcript identification strategies. Three badic strategies for regulsr RNA-seq analysls. 8 An annotated genome s
avallable and reads are mapped to the genome with 3 gapped mapper, Next (novel) transcrips discovery and guantification can proceed with or
without an annotation file. Novel transcripes are then functionally annotated. b If no novel transcript discovery s needed, reads can be mapped
to the refesence transcriptome using an ungapped algner. Trancript identification and quantification can occur simukaneously. ¢ When no
genome s avalable, reads need to be assembled first Into contigs or transcripts. For quantification, reads are mapped back to the novel reference
ranscriprome and further analysis proceeds as in (b) followed by the functional annotation of the novel transcripts as in {a). Representative
software that can be used at each analysis step are indicated in bold feat. Abbreviations: GFF General Feature Format, GTF gene transfer format,
RSEM RNA-Seq by Expectation Maxdmization

\

A survey of best practices for RNA-seq data analysis
Conesa et al (2016) Genome Biology. doi 10.1186/s13059-016-0881-8



RNA-Seq Approaches
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Fig. 2 Read mapping and transcript identification strategies. Three badic strategles for regulse RNA-s8q analysis. 8 An annotated genome is

avallable and m transcripe discovery and quantification can proceed with or
without an an NO NOVE ranscript discovery 8 needed, reads can be mapped
to the refevence transcrptome using an ung a . Trangript n and quantification can occur simukaneously. ¢ When no
genome s avalable, reads 0 Contigs or transcripts. For quantification, reads are mapped back to the novel reference
rranscriprome and further W by the functional annoeation of the novel transcripts as in (a). Representative
software that can be used od in bold rext. Abbreviations: GFF General Feature Format, GTF gene transfer format,
RSEM RNASeq by Expectation Madmization

.

A survey of best practices for RNA-seq data analysis
Conesa et al (2016) Genome Biology. doi 10.1186/s13059-016-0881-8



RNA-seq Challenges

Challenge 1: Eukaryotic genes are spliced

= = Solution: Use a spliced aligner, and assemble isoforms
[ | — HH
28 c-a o9
recooo oo o0 88
N ieaggea & TopHat: discovering spliced junctions with RNA-Seq.
Trapnell et al (2009) Bioinformatics. 25:0 1105-1111
=== O —m P
| S——————————

Challenge 2: Read Count != Transcript abundance




RPKM, FPKM, TPM
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1 —a 2 3
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Short transcript Long transcript 1Y 2 A%

Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2
- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)



RPKM, FPKM, TPM
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Counting Reads that align to a gene DOESN’T work!

- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2

- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)

(Count reads aligned to gene) / (length of gene in kilobases) / (# millions of read mapped)

=> Wait a second, reads in a pair arent independent!



RPKM, FPKM, TPM
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Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2
- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)
=> Wait a second, reads in a pair arent independent!

2. FPKM: Fragments Per Kilobase of Exon Per Million Reads Mapped (Trapnell et al, 2010)
= Does a much better job with short exons & short genes by boosting coverage

= Wait a second, FPKM depends on the average transcript length!



RPKM, FPKM, TPM
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Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2
- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)
=> Wait a second, reads in a pair arent independent!

2. FPKM: Fragments Per Kilobase of Exon Per Million Reads Mapped (Trapnell et al, 2010)
=> \Wait a second, FPKM depends on the average transcript length!

3. TPM: Transcripts Per Million (Li et al, 2011)

= If you were to sequence one million full length transcripts, TPM is the number of transcripts
you would have seen of type i, given the abundances of the other transcripts in your sample

_ : : [ _FPKM, i
=> Recommend you use TPM for all analysis, easy to compute given FPKM  TPM: = (ZJ FPKMJ 10



Gene or Isoform Quantification?

Exe -
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Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46—53. d0i:10.1038/nbt.2450



Gene or Isoform Quantification?

Exon-union
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Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46—-53. doi:10.1038/nbt.2450



Gene or Isoform Quantification?
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Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46—-53. doi:10.1038/nbt.2450



Gene or Isoform Quantification?
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Key point : The length of the actual molecule from which the fragments
derive is crucially important to obtaining accurate abundance estimates.

Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46—-53. doi:10.1038/nbt.2450



Multi-mapping! Isoform ambiguity?
Expectation Maximization to the Rescue

— b —_ —

DluE e—————------ e
QrEEN s - - - oo )
reQ e ...--------- e o

genome

The gene has three isoforms (red, green, blue) of the same length.
Our initial expectation is all 3 isoforms are equally expressed

There are five reads (a,b,c,d,e) mapping to the gene.
Read a maps to all three isoforms
Read d only to red
Reads b,c,e map to each of the three pairs of isoforms.

What is the most likely expression level of each isoform?

Models for transcript quantification from RNA-seq
Pachter, L (2011) arXiv. 1104.3889 [qg-bio.GN]



Multi-mapping! Isoform ambiguity?
Expectation Maximization to the Rescue
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The gene has three isoforms (red, green, blue) of the
same length. Initially every isoform is assigned the same
abundance (red=1/3, green=1/3, blue=1/3)

There are five reads (a,b,c,d,e) mapping to the gene.
Read a maps to all three isoforms, read d only to red, and
the other three (reads b,c,e) to each of the three pairs of
isoforms.

During the expectation (E) step reads are proportionately
assigned to transcripts according to the (current) isoform
abundances (RGB): a=(.33,.33,.33), b=(0,.5,.5), c=(.5,.5),
d=(1,0,0), e=(.5,.5,0)

Models for transcript quantification from RNA-seq

Pachter, L (2011) arXiv. 1104.3889 [q-bio.GN]



Multi-mapping! Isoform ambiguity?
Expectation Maximization to the Rescue

The gene has three isoforms (red, green, blue) of the

e e® o _. P -‘::’25‘. same length. Initially every isoform is assigned the same
O - =% = “ = wew=  abundance (red=1/3, green=1/3, blue=1/3)

o — —_— — ove

&  Dhug m———

There are five reads (a,b,c,d,e) mapping to the gene.
Read a maps to all three isoforms, read d only to red, and
the other three (reads b,c,e) to each of the three pairs of

; isoforms.
O" During the expectation (E) step reads are proportionately

assigned to transcripts according to the (current) isoform
abundances (RGB): a=(.33,.33,.33), b=(0,.5,.5), c=(.5,.5),
d=(1,0,0), e=(.5,.5,0)

T .

Next, during the maximization (M) step isoform
abundances are recalculated from the proportionately
assigned read counts:

red: 047=(0.33+0.5+1+0.5)/(2.33 +1.33+1.33)
blue: 0.27 =(0.33+ 0.5+ 0.5)/(2.33 + 1.33 + 1.33)
green: 0.27 = (0.33 + 0.5 + 0.5)/(2.33 + 1.33 + 1.33)

Models for transcript quantification from RNA-seq
Pachter, L (2011) arXiv. 1104.3889 [qg-bio.GN]



Multi-mapping! Isoform ambiguity?
Expectation Maximization to the Rescue

The gene has three isoforms (red, green, blue) of the

e e® o _. -® .‘::’:_.}‘. same length. Initially every isoform is assigned the same
O e — . ©= w=w=  abundance (red=1/3, green=1/3, blue=1/3)

o — —_— — ove

——
® g — —_—

There are five reads (a,b,c,d,e) mapping to the gene.

Read a maps to all three isoforms, read d only to red, and

S o the other three (reads b,c,e) to each of the three pairs of
o ® ®- -0 isoforms.

i During the expectation (E) step reads are proportionately
assigned to transcripts according to the (current) isoform
abundances (RGB): a=(.33,.33,.33), b=(0,.5,.5), c=(.5,.5),
d=(1,0,0), e=(.5,.5,0)

Next, during the maximization (M) step isoform
abundances are recalculated from the proportionately
assigned read counts:

red: 047=(0.33+0.5+1+0.5)/(2.33 +1.33+1.33)
blue: 0.27 =(0.33+ 0.5+ 0.5)/(2.33 + 1.33 + 1.33)
green: 0.27 = (0.33 + 0.5 + 0.5)/(2.33 + 1.33 + 1.33)

Repeat until convergence!

Models for transcript quantification from RNA-seq
Pachter, L (2011) arXiv. 1104.3889 [qg-bio.GN]



Multi-mapping! Isoform ambiguity?
Expectation Maximization to the Rescue

The gene has three isoforms (red, green, blue) of the

= g S 0, @ o= same length. Initially every isoform is assigned the same
0 - o . = ww=  abundance (red=1/3, green=1/3, blue=1/3)

There are five reads (a,b,c,d,e) mapping to the gene.
Read a maps to all three isoforms, read d only to red, and
the other three (reads b,c,e) to each of the three pairs of
isoforms.

During the expectation (E) step reads are proportionately
assigned to transcripts according to the (current) isoform
abundances (RGB): a=(.33,.33,.33), b=(0,.5,.5), c=(.5,.5),
d=(1,0,0), e=(.5,.5,0)

Next, during the maximization (M) step isoform
abundances are recalculated from the proportionately
7 assigned read counts:
1 > b red: 0.47 =(0.33+0.5+1 + 0.5)/(2.33 + 1.33 + 1.33)
> blue: 0.27 =(0.33+ 0.5+ 0.5)/(2.33 + 1.33 + 1.33)
green: 0.27 = (0.33 + 0.5 + 0.5)/(2.33 + 1.33 + 1.33)

Repeat until convergence!

Models for transcript quantification from RNA-seq
Pachter, L (2011) arXiv. 1104.3889 [qg-bio.GN]
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Models for transcript quantification from RNA-seq
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RNAseqExpectationMaximization.xlIxs

Pachter, L (2011) arXiv. 1104.3889 [q-bio.GN]
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Sailfish: Fast & Accurate
RNA-seq Quantification

Reference transcripts a c
- 84 T Y 10°7 m Alignment
i S - LR @ Quantification
a Index / ‘f““l Readﬁatf_ g 1 - E-;'
(per transcriptome & | |_Perfect hash function | (1) P g <] : 23 ¥ t 5 18.55h
choice of k) : [ Array of k-mer counts ](2) | Eandion £ g A 1077 10.19h 7.70 h
| | - & -2 i . 6.03h 6.96 h
I Transcript k-mer [ — &
| to contained| [to containing| | L e T R T 227h
k-mers transcripts | | _— — TR e s o L 1
. - 0RO P A0 UM = 2
\ (3) (4) b d ’ £
b =
b 26h
Quant (" 1arsect reads with | Unhashable —_ , O
(per set of reads) indexed k-mers Kk-mers N 8‘}‘ . S 10' 4 b6
T = SRR >
Hashable k-mers T 3 DR
+ X Grrroe. Al
[ Aggregate counts ] -E 2 3 " % 10° -
g .\'\ . . $§ %@Q \o& \6*9 @é\ 9Q§~ ‘0‘;’ é*g
v 1 P RS P E GRS
Estimate transcript -5 0 5 10 ~ _— — ~ —_— —
_~ abundances from T S True FPKM(log,) SRX016366 Synthetic
Ilhﬂulnnm allocated k-mers NN d ?
; 2 Human brain tissue Synthetic

Sailfish RSEM eXpress Cufflinks Sailfish RSEM eXpress Cufflinks
atl10088an0nlls atitiftmreeedy
Pearson 085 0.82 0.85 0.85 0.96 0.96 0.95 0.94

: : A =
T — S B . g Spearman 0.84 0.80 085 085 076 077 077 075
allocations on abundance RMSE - - - - 6.06 8.90 8.83 10.05
estimates medPE - - - - 6.50 1248 14.06 12.42

Sailfish enables alignment-free isoform quantification from RNA-seq reads using lightweight algorithms
Patro et al (2014) Nature Biotechnology 32, 462—464 doi:10.1038/nbt.2862



RNA-seq Challenges
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Challenge 1: Eukaryotic genes are spliced
Solution: Use a spliced aligner, and assemble isoforms

TopHat: discovering spliced junctions with RNA-Seq.
Trapnell et al (2009) Bioinformatics. 25:0 1105-1111

Challenge 2: Read Count != Transcript abundance
Solution: Infer underlying abundances (e.g. TPM)

Transcript assembly and quantification by RNA-seq
Trapnell et al (2010) Nat. Biotech. 25(5): 511-515

Challenge 3: Transcript abundances are stochastic



How Many Replicates?
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Why don’t we have perfect replicates?

Mapping and quantifying mammalian transcriptomes by RNA-Seq
Mortazavi et al (2008) Nature Methods. 5, 62-628

RNA-seq differential expression studies: more sequence or more replication?
Liu et al (2013) Bioinformatics. doi:10.1093/bioinformatics/btt688
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RNA-seq Challenges

Challenge 1: Eukaryotic genes are spliced
Solution: Use a spliced aligner, and assemble isoforms

TopHat: discovering spliced junctions with RNA-Seq.
Trapnell et al (2009) Bioinformatics. 25:0 1105-1111

Challenge 2: Read Count != Transcript abundance
Solution: Infer underlying abundances (e.g. TPM)

Transcript assembly and quantification by RNA-seq
Trapnell et al (2010) Nat. Biotech. 25(5): 511-515

Challenge 3: Transcript abundances are stochastic
Solution: Replicates, replicates, and more replicates

RNA-seq differential expression studies: more sequence or more
replication?
Liu et al (2013) Bioinformatics. doi: 10.1093/bioinformatics/btt688



Isoform Quantification Approaches

a ANA-seq reads
S Assemble reads =
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StringTie enables improved reconstruction of a transcriptome from RNA-seq reads.
Pertea M, et al. (2015) Nature Biotechnology. doi: 10.1038/nbt.3122.



Salmon: The ultimate
RNA-seq Pipeline!?

raw reads Input tranecripte
(e.g. fastq files) — —
e ‘__: — SEccEos "
—-——— | Samonindex |
sl e e | )
2
[u
h 1 0 .
- Salmon execution timeline quasi-mapping
 —
QE) aligne:f reads (mr;;lm &
o Online inference of abundance —_——
S Estimation of "foreground" bias models w;'s’é'\',';?]'m e =
by Computation of equivalence class weights =——
e Seq. center il abundances & =
- " fragment equiv. classes
—— Center 1 o;
B Estimation of background bias models
—— Center 2 Recomputation of effective lengths TE.M';“VBEM]"” ]
Offline algorithm runs until convergence
1 I | I 1 1 1 converged abundances &
fragment e#iv. classes
02 03 04 05 06 0.7 08 .. S—— "
Domizen seements | SEREIESRRE
Fragment GC content (T | (@obs o bootrag) |

Modeling of RNA-seq fragment sequence bias reduces systematic errors in transcript abundance estimation
Love et al (2016) Nature Biotechnology 34, 1287-1291 (2016) doi:10.1038/nbt.3682

Salmon provides fast and bias-aware quantification of transcript expression
Patro et al (2017) Nature Methods (2017) doi:10.1038/nmeth.4197



Gene Ontology (GO)
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AmiGO: online access to ontology and annotation data
Carbon et al (2009) Bioinformatics doi:10.1093/bioinformatics/btn615
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GSEA Overview

Leading edge subset
¥ Gene set S
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Correlation with Phenotype

Random Walk

Maximum deviation Gene List Rank
from zero provides the
enrichment score ES(S)

Aravind Subramanian et al. PNAS 2005;102:43:15545-15550
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Annotation Summary

* Three major approaches to annotate a genome

|. Alignment:

* Does this sequence align to any other sequences of known function?

* Great for projecting knowledge from one species to another

2. Prediction:

* Does this sequence statistically resemble other known sequences?
* Potentially most flexible but dependent on good training data

3. Experimental:

* Lets test to see if it is transcribed/methylated/bound/etc
* Strongest but expensive and context dependent

* Many great resources available
— Learn to love the literature and the databases
— Standard formats let you rapidly query and cross reference

— Google is your number one resource ©



