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Overview

Part | (yesterday)
o RNAs, RNA-seq & research questions
o Common analysis steps
o Read mapping

The problem

String data structures

Programs
Extensions

Part 1l (today)
o Differences between read mappers (RGASP)

© 06 o o

o Gene/Transcript quantification & biases

©

Differential “expression”
o Transcript reconstruction
o Genome annotation
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Common RNA-Seq Analysis Steps

RNA-Seq
Reads

\4

Read Alignment
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Common RNA-Seq Analysis Steps

\4

TARs and

Read Alignment Transcripts

Expression level
~ #reads

Significance
Testing

Transcript
Quantitation

Differentially
Processed Transcripts/
Segments
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Common RNA-Seq Analysis Steps

RNA-Seq De novo
Reads Assembly

==

, .|  Transcript TARs and
Read Alignment ~ | Reconstruction Transcripts
-

Transcript

Significance
Testing

Expression level

~ #reads Quantitation

Differentially
Processed Transcripts/
Segments
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Estimate Gene Expression

Idea: Use the number of reads mapping to a gene as an estimate for

the gene expression.
Problem: Read number scales with the total number of reads and

transcript length
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Estimate Gene Expression

Idea: Use the number of reads mapping to a gene as an estimate for

the gene expression.
Problem: Read number scales with the total number of reads and

transcript length

Approach: Normalize read count, by the
o Length of the transcript (sum of exonic regions in kilobases)

o Total number of reads (in millions)

= Reads per kilobase per million mapped reads (RPKM)

© Gunnar Ritsch (cBio@MSKCC) Introduction to RNA-seq Analysis 11 @ Otto Warburg Summer School 3


http://cbio.mskcc.org
http://www.mskcc.org

m _ Memorial Sloan-Kettering Cancer Center
Estimate Gene Expression

Idea: Use the number of reads mapping to a gene as an estimate for

the gene expression.
Problem: Read number scales with the total number of reads and

transcript length

Approach: Normalize read count, by the
o Length of the transcript (sum of exonic regions in kilobases)

o Total number of reads (in millions)
= Reads per kilobase per million mapped reads (RPKM)

Alternative quantity for paired end sequencing (2 reads/fragment):

= Fragments per kilobase per million mapped reads (FPKM)
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Estimate Gene Expression: Caveats

o RPKM/FPKM values are strongly dependent on the expression
level of the highest expressed genes (largest fraction of reads,
e.g. rRNA contamination)
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Estimate Gene Expression: Caveats

o RPKM/FPKM values are strongly dependent on the expression
level of the highest expressed genes (largest fraction of reads,
e.g. rRNA contamination)

o Effect of genomic variation
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o RPKM/FPKM values are strongly dependent on the expression
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Estimate Gene Expression: Caveats

level of the highest expressed genes (largest fraction of reads,

e.g. rRNA contamination)

o Effect of genomic variation
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Estimate Gene Expression: Caveats

o RPKM/FPKM values are strongly dependent on the expression
level of the highest expressed genes (largest fraction of reads,
e.g. rRNA contamination)

o Effect of genomic variation

o Alternative transcripts/RNA-processing may lead to differential

read counts
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Quantitation of Transcripts
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Quantitation of Transcripts
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Quantitation of Transcripts

Given short read alignments and a set of known transcripts, can we
disentangle transcript abundances?
Solve an optimization problem:

o Optimizing weights w; for each transcript t =1,..., T

o Exploiting the additive nature of the read coverage

o Minimizing residual error (e.g., squared error)

(Wi, ...,wr) = argmlnz R, —ZWtDtp ,

wi,.. 7W-,—>0
with
o P: set of considered genomic positions
o R,: observed read coverage (number of reads covering pos. p)

o D, p: expected read coverage for transcript t at position p
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Quantitation of Transcripts

Different approaches rely on similar basic ideas with different models
of how to use read count differences and optimization techniques:
o Poisson distributions [Jiang and Wong, 2009]
o Absolute differences using a flow-network [Sammeth, 2009a]
Squared differences using quadratic programming  [Bohnert et al., 2009]

©

o (approximate) Negative Binomial distribution [Behr et al., 2013]

Other methods: [Lietal, 20102], [Richard et al., 2010a], [Trapnell et al., 2010b]
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Quantitation of Transcripts

Different approaches rely on similar basic ideas with different models
of how to use read count differences and optimization techniques:

o Poisson distributions [Jiang and Wong, 2009]
o Absolute differences using a flow-network [Sammeth, 2009a]
o Squared differences using quadratic programming  [Bohnert et al, 2009]
o (approximate) Negative Binomial distribution [Behr et al., 2013]

Other methods: [Li et al., 2010a], [Richard et al., 2010a], [Trapnell et al., 2010b]
Problems:

o Abundances cannot be unambiguously determined with
single-end reads; better chance with paired-end reads
[Lacroix et al., 2008]

o Solution may not be stable: a few reads more or less may
completely change abundance estimates

o Read coverage is not uniform over the transcript
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RNA-Seq Biases and Quantitation
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.
RNA-Seq Biases — Publications

o Transcript length bias [Oshlack and Wakefield, 2009]
o Bias in small RNA sequencing [Linsen et al., 2009]
o Sequence bias in lllumina sequencer [Dohm et al., 2008]
o Biases in nucleotide composition induced by random hexamer
priming [Hansen et al., 2010]
o Modeling non-uniformity [Li et al., 2010b, Bohnert et al., 2009]
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rQuant — Basic ldea

Short transcript

read coverage

relative transcript position 5’ -> 3’
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rQuant — Basic ldea

Short transcript

read coverage

relative transcript position 5’ -> 3’

Long transcript

read coverage

relative transcript position 5’ -> 3’
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rQuant — Basic ldea

Short transcript

[

o)

o

[

>

[]

)

e

©

g

genome position 5’ -> 3’
Long transcript
- -

o ~—

()]

o

[

>

[e]

)

e

©

g —B

genome position 5’ -> 3’

© Gunnar Ritsch (cBio@MSKCC) Introduction to RNA-seq Analysis 11 @ Otto Warburg Summer School 10


http://cbio.mskcc.org
http://www.mskcc.org

_ Memorial Sloan-Kettering Cancer Center
rQuant — Basic ldea
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rQuant — Basic ldea

Short transcript

[
o)
o
[
>
[]
)
b Mixture of transcripts
g
&
genome position 5’ -> 3’ g expected
>
8 observed
Long transcript °
- g
.
[
=2 e 7 1
g genome position 5" -> 3
>
[e]
)
s A —M
(]
= e B e R

genome position 5’ -> 3’

Mp = WADA’p + WBDB,p = minWA,WB Zpg (Mp, Rp)

© Gunnar Ritsch (cBio@MSKCC) Introduction to RNA-seq Analysis 11 @ Otto Warburg Summer School 10


http://cbio.mskcc.org
http://www.mskcc.org

_ Memorial Sloan-Kettering Cancer Center
rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)

gene AT1G01240
chromosome 1, forward strand

99960 100368 100776 Tor18¢ 101592

read counts
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rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)

gene AT1G01240
chromosome 1, forward strand

ATIG01240.1 s . 2720
1178
99960 100368 100776 Tor184 101592

read counts
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rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)
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rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)
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rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)
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rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)
@ Optimize profile weights: miny > £ (>, w:D: ,, Ry)
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rQuant — lterative Algorithm

@ Optimize transcript weights: miny > (32, w:Dsp, Rp)
@ Optimize profile weights: miny > £ (>, w:D: ,, Ry)
@ Repeat 1. and 2. until convergence
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Simulated RNA-seq libraries (75 bp) using Flux Simulator for C. elegans

[Bohnert & Rétsch, 2010; Bohnert, 2011]

Approach

across genes

Pearson’s correlation
per gene

rQuant baseline 0.940  [10,180] 0.805 [3,022]
By expression
low 0.109 [3,770) 0.702  [720]
medium 0.479 [3,279] 0.822 [1,310]
high 0.938 [3,131] 0.856  [992]
By transcript length
short 0.996 [3,272] 0.782  [818]
medium 0.990 [4,680] 0.866 [1,489]
long 0.706 [2,228] 0.702  [715]
By number of transcripts
1 0.996 [2,945] n/a
2 0.984 [4,500] 0.787 [2,249]
3 0.723 [1,515] 0.852  [505]
4 and more 0.614 [1,220] 0.868  [268]
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rQuant Results

Simulated RNA-seq libraries (75 bp) using Flux Simulator for C. elegans
[Bohnert & Rétsch, 2010; Bohnert, 2011]

Approach Pearson’s correlation
across genes per gene
rQuant baseline 0.940 [10,180]  0.805 [3,022]

rQuant profiles
empirical  0.957 [10,180] 0.832 [3,022]
optimal  0.946 [10,180]  0.836 [3,022]
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rQuant Results

Memorial Sloan-Kettering Cancer Center

Simulated RNA-seq libraries (75 bp) using Flux Simulator for C. elegans
[Bohnert & Rétsch, 2010; Bohnert, 2011]

Approach Pearson's correlation
across genes per gene

rQuant baseline 0.940 [10,180]  0.805 [3,022]
rQuant profiles

empirical 0.957 [10,180] 0.832 [3,022]

optimized 0.946 [10,180]  0.836 [3,022]
Other methods

Cuffinks ~ 0.932 [10,180]  0.758 [3,022]

Cufflinks bias  0.936  [10,180] 0.793 [3,022]

MISO n/a 0.693 [2,903]
Cufflinks:  [Trapnell et al., 2010a]  MISO:  [Katz et al., 2010]
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Dependence on Alignments

Idealized simulation:
o Simulate reads from annotated transcripts (Flux Simulator)
o Use reads’ origins as alignments

o Use alignments for quantitation
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Dependence on Alignments

Idealized simulation:
o Simulate reads from annotated transcripts (Flux Simulator)
o Use reads’ origins as alignments

o Use alignments for quantitation

More realistic setting:

©

Simulate reads from annotated transcripts (Flux Simulator)

o Add errors to reads

o Align reads to genome with 0-8 mismatches (many alignments)
Q

Use alignments for quantitation

© Gunnar Ritsch (cBio@MSKCC) Introduction to RNA-seq Analysis 11 @ Otto Warburg Summer School 13


http://cbio.mskcc.org
http://www.mskcc.org

3 _ Memorial Sloan-Kettering Cancer Center
Dependence on Alignments

Idealized simulation:
o Simulate reads from annotated transcripts (Flux Simulator)
o Use reads’ origins as alignments

o Use alignments for quantitation

More realistic setting:

©

Simulate reads from annotated transcripts (Flux Simulator)

o Add errors to reads

o Align reads to genome with 0-8 mismatches (many alignments)
Q

Use alignments for quantitation

False alignments, multi-mappers etc. lead to weaker results
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Dependence on Alignments

False alignments, multi-mappers etc. lead to weaker results
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Detecting differential RNA processing
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Detecting differential RNA processing
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Detecting differential RNA processing

Transcript 1 Mixture of transcripts
Condition A
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Detecting differential RNA processing

Transcript 1 Mixture of transcripts
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o
©
]
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Transcript 2 0%
T Condition B

(7]
§ 30% N
>
S observed
el
8
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Goal: Design a test to detect differential RNA processing
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Detecting differential RNA processing
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Detecting differential RNA processing
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Detecting differential RNA processing
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Test whether the relative number of reads than span the exon
changes significantly between two conditions

ps) reads confirming exon

total number of reads

[Wang et al., 2008]
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Limits

Limits of this approach

@ Experimental setup, such as coverage and the degree of
differentiality

@ Changes in the genome
@ Structure of the events that can be studied
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Limits: Experimental setup
The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:

[Drewe et al., 2013]
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Limits: Experimental setup
The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:

o for an exon that is 134 bp long

[Drewe et al., 2013]
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Limits: Experimental setup
The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:

o for an exon that is 134 bp long

o when it is from a lowly and a highly expressed gene
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The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:

o for an exon that is 134 bp long
o when it is from a lowly and a highly expressed gene

o when we assume that reads are Poisson distributed

[Drewe et al., 2013]
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The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:

o for an exon that is 134 bp long

o when it is from a lowly and a highly expressed gene

o when we assume that reads are Poisson distributed
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© Gunnar Ritsch (cBio@MSKCC) Introduction to RNA-seq Analysis 11 @ Otto Warburg Summer School 18


http://cbio.mskcc.org
http://www.mskcc.org

o Memorial Sloan-Kettering Cancer Center

B

Limits: Experimental setup
The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:
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The smallest change in expression that is detectable for a splicing
event such as a skipped exon with 75 bp long reads:

o for an exon that is 134 bp long

o when it is from a lowly and a highly expressed gene

o when we assume that reads are Poisson distributed
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Limits: Experimental setup

What is the effect of insert size in paired-end reads? [Drewe et al., 2013]
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Limits: Experimental setup

What is the effect of insert size in paired-end reads?
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[Drewe et al., 2013]
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Limits: Changes in the genome

What happens if the genome or gene structure changes?
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Limits: Changes in the genome

What happens if the genome or gene structure changes?

- Condition A ’J‘L‘ l_,J] r_lkm—l lJJLHW
Condition B L\JJ |"_LL| LJWJ LLF'J
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Limits: Changes in the genome

What happens if the genome or gene structure changes?

Condition A l_,J_| lJJLLL‘
Coverage J
Condition B L—HJ L_rllm \I‘—IJJ
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Limits: Changes in the genome

What happens if the genome or gene structure changes?

Condition A l_,J_| ['JLLL‘
Coverage J
Condition B L—HJ L_rllm \I‘—IJJ

Can lead to many false positives:

45% (64 out of 142) of genes with more than 100-fold differences

[Gan et al., 2011]
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Limits: Structure of events

What if there is more than one isolated event?

Condition A
Coverage

Condition B

Gene
structure
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Limits: Structure of events

What if there is more than one isolated event?

Condition A
Coverage

Condition B

Gene
e -
structure I Ny ——— 1 A —~— — A

@ Quantification

@ Test on the estimated transcript abundance

[Richard et al., 2010b, Jiang and Wong, 2009]
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Quantification-based methods

[ Mappedreads] [ Annotation ]

Quantification

o Two-step approach
@ Quantification

[ Detect differential transcript expression J
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Problems with quantification

Condition A m M
Coverage ﬁ m D

Condition B ; Nw u W
Gene 40%/41%
structure 60%/59%
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Problems with quantification
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100 perturbed quantification runs
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Problems with quantification

Condition A .
P, g T
i “‘\/‘J U L’Wﬁvw/ -0.04

Condition B \’
-0.06 n
A
Gene 40%/41% -0.0: =t
structure 60%/59% 0.1 -0.05 0 0.05 0.1 0.15

100 perturbed quantification runs

Quantification is challenging
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Quantification-based methods

[ Mappedreads] [ Annotation ]

o Two-step approach

@ Quantification
@ Testing

Quantification

[ Detect differential transcript expression J
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Quantification-based methods

[ Mappedreads] [ Annotation ]

o Two-step approach

@ Quantification
@ Testing

o Avoid quantification

altogether?

[ Detect differential transcript expression J

Quantification
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Quantification-based methods

Mapped reads Annotation
o Two-step approach [ [ on |
@ Quantification
@ Testing Quantification
o Avoid quantification
altogether? [ Testing ] [ Region testing]
o One-step testing | —
on regions [ Detect differential transcript expression J
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Testing on discriminative regions

1 |

N

Q]
. ()
Regions .
4
o Use read counts per discriminative region r;, 1>, r3, ry for testing
o The number of reads falling into a certain region r in condition
A and B are Negative binomial distributed:
NAE ~ B (A7),
o Test-statistic can be derived from
A BIpA NB > kri=n, Pk Do n<p(va,ng)
P()\, =N\ |NZN; )
> kri=n, P(k. 1)
o Correction for multiple testing using Bonferroni correction
o Implemented as rDiff.parametric
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Testing without gene structure

el A
i Y PR

Gene
structure
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Testing without gene structure

ol B A
U Y

o Complete gene annotation is not always available

o Antisense transcription
o Unknown splice forms
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Testing without gene structure

ol B A
i I TN PR Y

o Complete gene annotation is not always available

o Antisense transcription
o Unknown splice forms

o How can we test in the absence or with incomplete annotation?
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Testing without gene structure

POSSIble approaChes [ Mapped reads [ Annotation ]

Quantification

[ Testing ] [ Region testing ]

| —

[ Detect differential transcript expression ]
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Testing without gene structure

Possible approaches
Q Include tl’anSCI’ipt [ Mappedreads}—f[ Annotation ]
identification in the analysis

o Quantification
o Region testing

Quantification

[ Testing ] [ Region testing ]

| —

[ Detect differential transcript expression ]
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Testing without gene structure

Possible approaches
Q Include tl’anSCI’ipt [ Mappedreads}—f[ Annotation ]
identification in the analysis

o Quantification
o Region testing

Quantification

[ Testing ] [ Region testing ]

[
o Complex! I —

[ Detect differential transcript expression ]
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Testing without gene structure

Possible approaches
Q Include tl’anSCI’ipt 4( Mappedreads}—f[ Annotation ]
identification in the analysis

o Quantification
o Region testing

Quantification

[ Density testing ] [ Testing ] [ Region testing ]

o Complex! ~_ I —

@ One_step testing on the read [ Detect differential transcript expression ]
densities.
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Testing without gene structure

What if the gene structure is incomplete or unknown?
Condition A M WM\
Coverage ﬂ—w M W m W ﬁ EU_

Gene
—
structure
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Condition A
Coverage

Condition B
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Condition A

Read density.

Pt
Condition B r WLUFJ

Gene
structure

Difference oflm d & ! M é &»
read density ' !
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Observed density
difference between
conditions

»
O L
Density difference between random samples
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What if the gene structure is incomplete or unknown?

Observed density
difference between
conditions

O L

Density difference between random samples
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Testing without gene structure

What if the gene structure is incomplete or unknown?
Lowly expressed gene
Observed density

difference between
conditions

O L

Density difference between random samples
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Lowly expressed gene Highly expressed gene
Observed density Observed density
difference between difference between
conditions conditions
| - »
0 il 0 »
Density difference between random samples Density difference between random samples
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Lowly expressed gene

Observed density
difference between
conditions

|
>

0
Density difference between random samples

© Gunnar Ritsch (cBio@MSKCC)

Introduction to RNA-seq Analysis Il

Highly expressed gene

Observed density
difference between
conditions

Density difference between random samples
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Testing without gene structure
What if the gene structure is incomplete or unknown?

o The distribution of the coverage C, at a position p follows a
random sample with a hypergeometric distribution.
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Testing without gene structure

What if the gene structure is incomplete or unknown?

o The distribution of the coverage C, at a position p follows a
random sample with a hypergeometric distribution.

o The variance o (n) is a function of the subsample size n
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Testing without gene structure

What if the gene structure is incomplete or unknown?

o The distribution of the coverage C, at a position p follows a
random sample with a hypergeometric distribution.

o The variance o (n) is a function of the subsample size n

o We can choose n such that: og,(n) = ool
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Lowly expressed gene Highly expressed gene
Observed density Observed density
difference between difference between
conditions conditions
0 i 0 >
Density difference between random samples Density difference between random samples
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Testing without gene structure

What if the gene structure is incomplete or unknown?

Lowly expressed gene Highly expressed gene
Observed density Observed density
difference between difference between
conditions conditions
0 i 0 >
Density difference between random samples Density difference between random samples

Implemented as rDiff.mmd
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Evaluation: Simulated reads

Two datasets:

o 5,875 mRNA coding genes from A.thaliana with multiple
annotated alternative transcripts (TAIR10)
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Evaluation: Simulated reads

Two datasets:

o 5,875 mRNA coding genes from A.thaliana with multiple
annotated alternative transcripts (TAIR10)
o Measured biological variance and gene expression from real data:

o Between very similar samples (small biol. variance)
o Between close time points (large biol. variance)
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Evaluation: Simulated reads

Two datasets:
o 5,875 mRNA coding genes from A.thaliana with multiple
annotated alternative transcripts (TAIR10)
o Measured biological variance and gene expression from real data:
o Between very similar samples (small biol. variance)
o Between close time points (large biol. variance)
o Simulated transcript abundance levels in two conditions:
differential and non-differentially expressed, with biological
replicates
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Evaluation: Simulated reads

Two datasets:

o 5,875 mRNA coding genes from A.thaliana with multiple
annotated alternative transcripts (TAIR10)

o Measured biological variance and gene expression from real data:
o Between very similar samples (small biol. variance)
o Between close time points (large biol. variance)

o Simulated transcript abundance levels in two conditions:
differential and non-differentially expressed, with biological
replicates

o Reads simulation based on Flux Simulator

[Sammeth, 2009b]
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Evaluation: Simulated reads

Compared rDiff.parametric test and rDiff.nonparametric with:
o MISO (Katz et al., Nature Methods 2011)
o CuffDiff (Trapnell et al., Nature Biotech. 2010)
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Evaluation: Simulated reads

Compared rDiff.parametric test and rDiff.nonparametric with:
o MISO (Katz et al., Nature Methods 2011)
o CuffDiff (Trapnell et al., Nature Biotech. 2010)
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Evaluation: Experimental data

Evaluation on three RNA-Seq libraries from A.thaliana.
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Evaluation: Experimental data

Evaluation on three RNA-Seq libraries from A.thaliana.
Measured transcript abundances using RT-qPCR.
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Evaluation: Experimental data

Evaluation on three RNA-Seq libraries from A.thaliana.
Measured transcript abundances using RT-qPCR.
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Evaluation: Experimental data

Examples of genes found by rDiff.nonparametric I:
Plot of AT4G03280

o
o

Read Density
o

0 o 1619
Position in [bp]

— — ™

AT4G03280.2 442 99 82 +
512 118 183 251

AT4G03280.1 91 442 99 82 +
201 251 118 183 251
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Evaluation: Experimental data

Examples of genes found by rDiff.nonparametric II:
Plot of AT4G39260

©
~

~wtoh

—wt 6h

Read Density
o
N

0 1183
Position in [bp]

AT4G39260.4 — 192 — 283 - -
AT4G39260. e 231 — 283 - -
AT4G39260. >57 129 m— 283 —————
AT4G39260.1 p— 283 — — -
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rDiff Summary

o Doing the quantification right is hard

o When the gene structure is known: rDiff.parametric

o When the gene structure is not completely known:
rDiff.nonparametric

o Implementation can be found on our Galaxy webserver as part of
the rdiff package:
http://galaxy.cbio.mskcc.org

o For more information: http://bioweb.me/rdiff
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Common RNA-Seq Analysis Steps

De novo
Assembly

RNA-Seq
Reads

-
Transcript
Reconstruction
~—_———

Read Alignment

Significance
Testing

Expression level
~ #reads

Differentially
Processed Transcripts/
Segments
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TARs and
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Transcript
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B
Transcript ldentification Strategies

o Segmentation strategies: Based on read coverage only
— Little assumptions
— Find non-coding transcripts
— Varies with expression

o Trade-off between read information with genomic sequence
features
— Find a comprehensive set of genes
— More complete due to additional information

Methods:
o G.Mo.R-Se (threshold based exon identification)
o mGene.NGS (gene finding with RNA-seq)
o Cufflinks, Scripture, MiTie (genome-guided assembly)
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Alignments & Transcript Reconstruction

Transcript reconstruction: o~~~
o Identify exons and

o Relationship in transcripts
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Alignments & Transcript Reconstruction

Transcript reconstruction:

o Identify exons and =~ = = =
o Relationship in transcripts
Most approaches:

o Build a transcript/splicing graph
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Alignments & Transcript Reconstruction

Transcript reconstruction:

h—
o Identify exons and ___EE_::_:_:_‘E__:}
o Relationship in transcripts
Most approaches: NP
o Build a transcript/splicing graph %
o Choose paths as transcripts
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Alignments & Transcript Reconstruction

Transcript reconstruction:

o ldentify exons and == =

o Relationship in transcripts
Most approaches:

o Build a transcript/splicing graph A

o Choose paths as transcripts

o Quantify choosen transcripts M
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Alignments & Transcript Reconstruction

Transcript reconstruction:

o ldentify exons and == =

o Relationship in transcripts
Most approaches:

o Build a transcript/splicing graph A

o Choose paths as transcripts

o Quantify choosen transcripts M

Strategy fails if graph is incorrect

Exon-level F-Score of Cufflinks for
different alignments & filter steps.

CANC SN S Pt N
N AU A
@© Gunnar Rétsch’ﬁBio@MSKCC)ylntrodud{‘?on to RNK-seq Analysis 11 @ Otto Warburg Summer School 39


http://cbio.mskcc.org
http://www.mskcc.org

G.Mo.R-Se Splice Graph Reconstruction

1. covtig construction

2. candidate exons

3. junction validation

genome

mappad
reads

coverage
depth
thrashald

VIS pm— —

\

forward and reverse candidate
£x0NS

word dictionary

validated
Junctian

4. graph of candidate exons linked by validated junctions

,J-C'\ ¢

" v

5. model construction and coding sequence detection

"

MY - - s
e

G-Mo.R-5e models

M
e

M o o e—

Real transcripts

- T, =

T
i

R ———

Denoeud F. et al. Annotating genomes with massive-scale RNA sequencing. Genome Biology(2008) 9:R175
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Cufflinks

Assemble as many reads into as few (highly probable) transcripts as possible.

How many transcripts?

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Compatible reads

Don't know that two reads came from the same transcript, but sometimes we
know that they came from different transcripts.

Gaps across introns

How many transcripts?

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Partially ordering mates

+ alignment x < y when

— x starts to the left of
y in the reference

— x and y overlap
consistently a
— yis not contained in x o«

* In other words, x <y
when they could have
come from the same

transcript

Building a DAG for the partial order

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Path cover of the DAG

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Path cover of the DAG

e
-

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Antichains

Don’t know that two reads came from the same transcript, but sometimes we
know that they came from different transcripts.

How many transcripts?

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Antichains

Don't know that two reads came from the same transcript, but sometimes we
know that they came from different transcripts.

How many transcripts?
Two!

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)

© Gunnar Ritsch (cBio@MSKCC) Introduction to RNA-seq Analysis 11 @ Otto Warburg Summer School 47


http://cbio.mskcc.org
http://www.mskcc.org

" ol Memorial Sioan-Ketering Cancer Center

Chains

From chain decomposition

of alignments... ... build transcript assemblies
. = N——
=iy I
—
L |
—— -

The chains are sets of mutually compatible alignments, so we can
smash them together into transcripts at will.

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcript Reconstruction with RNA-seq

Genome Based Assembly
(Cufflinks, Scripture)

Read alignments

Denovo|Assembly —-—

o - = i Data
(T”mty' ases) Genomic DNA pfOC@SSing

Segment graph

E—— — — — Optimization
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Transcript Reconstruction with RNA-seq

Genome Based Assembly
(Cufflinks, Scripture)

Denovo|Assembly

ne Data
(T”mty' ases) Genomic DNA pfOCESSing
Segment graph
E—— — —— Optimization

108 possible transcripts, 10?® possible subsets of tr-:;nscripts
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Toy example

Splicegraph W
1

. 2 3 4 5 6 7
= 1 = ] = ] =
= 1 = ] = =
Potential B =] ] =
transcripts  pum g E— 1 =
= == ] == ] =
= =] ] =] =
= =] =] ] =
= =] =] =
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Toy example

T
1 2 3 4 5 6 7
RNA-Seq
coverage m ﬂ
H Abundance
«EE 5 == ] = ] = 03
= 1 = ] = == 00
Potential  * HEE—B—— =] ] = 05
transcripts  pum g E— 1 = 00
xexpressed gy — B — B = 00
= =] ] =] = 00
= — — § == 00
* =] =] mm 02
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Toy example

A
oo WY N ¥ N Y N
1 2 3 4 5 6 7
RNA-Seq
coverage
(4 Samples)
H Abundance
* i — - = 03 04 02
= - = 00 00 00
Potential x HEE— 18— (. - — Bl 05 04 04
transoripts g g p— — = 00 00 00
*expressed g — 8 — 8 == 00 00 00
= — i mm 00 0000
= - - —=m 000000
* = = mm 020204
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Toy example

Splicegraph W

1 2 3 4 5 6 7
100
RNA-Seq »
coverage N ]
(4 Samples) 5 80r 1
s | ]
2
£ 60t ]
5
[ cufflinks 2 transcripts||
a0t 1
2
2t ]
= ] — ] = G, ]
g
= ] — = o | ]
Potential [ o —— i = 0—; > 3 .
franscripts g pE— = = number of samples
= —— i —— i =
== —— i —— =
== —— —— i =
== —— —— =
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Toy example

Splicegraph
1 2 3 4 5 6 7
RNA-Seq
coverage
(4 Samples)
=i = § — § =
=i § — =
Potential  EEE—§—— — § =
transcripts  pum g E— 1 =
B s B =
§ — =
— =
— =

V. Lacroix et al., WABI '08 (2008
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Memorial Sloan-Kettering Cancer Center

cufflinks 2 transcripts| |
——cufflinks 3 transcripts|

2 3
number of samples
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Toy example

e WY N Y N Y e 3 transoripts

12 3 4 5 6 7
expressed
RNA-Seq 100
coverage ( IW F J—
(4 Samples) L /_/ 1
H 5 40| 1
3
- 2T —— ly one solution |1
R e | £ £ 3 exactly
= ] — = o | —
Potential W ol — . —
renserpls w4 — == = number of samples
= —— i —— i = Example:
== —— i —— == {.3,5),
L —— —— i = B.45% GAsH
= = = =

V. Lacroix et al., WABI '08 (2008
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Toy example

e WY N Y N Y e 3 transoripts

1 2 3 4 5 6 7
expressed
RNA-Seq 1
coverage ( W [ — ]
(4 Samples) [ // 1
g 4or —optimal strategy
EN —— tly one solution |
- - exac
- ] — ] = 5 20| __cufflinks ]
= ] — = o | 1
Potential [ o e —— i = o= > — 7
ranscripls gy g EE— I = number of samples
= —— i —— i == Example:
= —— & —— = 1,35},
= = = == 13431, 348)
= —— —— =

V. Lacroix et al., WABI '08 (2008
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Toy example

Splicegraph

RNA-Seq
coverage
(4 Samples)

Potential
transcripts

Q111110 N

(DR RN I NN

V. Lacroix et al., WABI '08 (2008
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3 transcripts
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®

——optimal strategy
——MiTie

——cufflinks

——exactly one solution |

2 3
number of samples
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Quantification

Segment Graph

IR R S

Potential Transcripts
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Quantification

Segment Graph

IR R S

Potential Transcripts

0

o © © o
o O O o

o
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Quantification

Segment Graph

IR R S

Potential Transcripts s Q}t:)ll’er]‘dsz gf)leez Expected coverage

no 10 1T ] 00 00 |-|—| I_l |T
Ao 1 1 1 || 02 00| __

1 1o 11 w00 01| |'|_|

Mmoo 1 0o 1 1 1 g 08 09 |

A 0 0 00 00

[ s S B [ IR ) 0 00 00

i | oI 0 0 00 00

e e S 00 00

R. Bohnert and G. Ratsch, NAR (2010)
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Quantification

Segment Graph

IR R S

Potential Transcripts Abundance Expected coverage

Sample1 Sample2

T
10 1 0 1 1 1 00 00

[0y 1 1 1 02 00| H—I I-l |
11 1ol 1 1 1 00 01| |_|_|

1o 1 0 1 1 T % 08 09 1

51 IR I ) 0 00 00

Mo 1 110 0 00 00

no1 o 0 0 00 00

Mo 1 ol 1 10 0 00 00

: T
mml/nL( u xw , C )+yx[W|

expected coverage observed coverage

R. Bohnert and G. Ratsch, NAR (2010)
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Mixed integer optimization

Segment Graph
Transcripts Matrix Abundance Expected coverage
Sample1 Sample2
1 (o 1 0] 1 1 1 08 09 H—| U |-I-
;|0 1 1 1 1 || 02 00| __
1 T o | X 00 01/ — |_|_|
klo o 0o o 0 0 0 00 00 1
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Segment Graph

T R T R S

Transcripts Matrix Abundance

T Sample1 Sample2

1[0 EmE e 08 09
20 1 II '1 1 1 x

Nff 1 1 1 1 0. .1

0 0 0 0 0 0 0 00 00

minL( U' x W |
uw N——
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Mixed integer optimization

T

1]

I

[

L

expected coverage observed coverage

)+ x N
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Mixed integer optimization

Segment Graph

T R T R S

Transcripts Matrix

Abundance Expected coverage

1m0
HER R
N|
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Mixed integer optimization

Segment Graph
Transcripts Matrix Abundance Expected coverage
Sample1 Sample2 T
1 |[—o—fmmrol 1 1 1 08 09 H_I I_l |
-0 1 1 1 1 1 —
NJERS 1 U1 1 | X W = H_'
0 0 0 0 0 0 0 00 00 1

: T
rlm/rl}L(U X W,C)+vyx N

s.t. U is valid
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Mixed integer optimization

Segment Graph
Transcripts Matrix Abundance
Sample1 Sample2
1 |[—o—fmmrol 1 1 1 08 09
: | Mn—o— U1 1 1 X _
0 0 0 0 0 0 0 00 00

b

s.t. Uis
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Mixed integer optimization

Segment Graph
Transcripts Matrix Abundance
Sample1 Sample2
1 |[—o—fmmrol 1 1 1 08 09
: | Mn—o— U1 1 1 X _
0 0 0 0 0 0 0 00 00

Memorial Sloan-Kettering Cancer Center

Expected coverage

i

SR

'L(UTX W,C)+~vx N

s.t. U is valid
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Mixed integer optimization

Segment Graph
Transcripts Matrix Abundance
Sample1 Sample2
1 |[—o—fmmrol 1 1 1 08 09
s S — U1 1 1 X _
0 0 0 0 0 0 0 00 00

Memorial Sloan-Kettering Cancer Center

Expected coverage

i

SR

B%@UTX W,C)+~vx N

s.t. U is valid
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Results: Human artificial data

o Read simulation with Flux Simulator: paired-end, 75 bp
o Transcript with highest expression given
o Evaluation: transcript is correct, if all introns are correct
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Results: Human artificial data

o Read simulation with Flux Simulator: paired-end, 75 bp
o Transcript with highest expression given

o Evaluation: transcript is correct, if all introns are correct

Human Simulated Data

—4—MITIE + MMR
——MITIE

—2— cufflinks/cuffmerge
—4&—cufflinks

F-score on Transcript Level
T
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Transcript Prediction in Multiple Samples

MiTie: github.com/ratschlab/mitie

Characteristics:
o 1-5 seconds for most genes (per sample)
o Uses a proprietary optimization package (CPLEX)

Applications:
o 11 C. elegans genomes project [w/ M. De Bono]
o 200 A. thaliana genomes MAGIC project [w/ R. Mott & R. Clark]

o ~5,000 PanCancer genomes transcript prediction

ORIGINAL PAPER doH10093 blmormanmie2

Genome analysis

MITIE: Simultaneous RNA-Seq-based transcript identification and
quantification in multiple samples

Jonas Behr'?* André Kahles', Yi Zhong‘, Vipin T. Sreedharan 1 Philipp Drewe' and
Gunnar Ratsch'*

'Computational Biology Center, Sloan-Kettering Institute, 1275 York Avenue, New York, NY 10065, USA and  2Friedrich
Miescher Laboratory, Max Planck Society, Spemannstr. 39, 72076 Tu  “bingen, Germany
Associate Editor: Ivo Hofacker
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B
RNA-seqg-based Gene Finding

Protein

o Given a piece of DNA sequence
o Predict proteins (or non-coding RNAs)
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RNA-seqg-based Gene Finding

~» Labeling the Genome

__DNA ienic intergenic o
pre-mRNA
exon intron exon intron exon
mRNA
5' UTR 3'UTR
@ polyA —
Protein
—

o Given a piece of DNA sequence

o Predict the correct corresponding label sequence with labels

“intergenic”, “exon”, “intron”, "5 UTR", etc.
@ Otto Warburg Summer School 54
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N
RNA-seqg-based Gene Finding

~» Labeling the Genome

DNA TSS polyA/cleavage
Splice Splice Splice Splice

pre-mRNA Donor Acceptor Donor Acceptor

mRNA TIS Stop
A A

@ polyA —

\/ \/

Protein
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N
RNA-seqg-based Gene Finding

~» Labeling the Genome

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop
pre-mRNA

polyA —

mRNA

Protein
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N
RNA-seqg-based Gene Finding

~» Labeling the Genome

DNA TSS Donor Acceptor Donor Acceptor polyA/cl g

TIS Stop
pre-mRNA

/7T @ /T ]
mRNA

o —

Protein

TSS IS »( stop (cleave )
-.
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mGene-based Transcript Prediction

genomic position

True gene mocel I I\ I

STEP 1: SVM Signal Predictions

tss oy droon o1 L s 1

e | . I | I

genomic position
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mGene-based Transcript Prediction

genomic position

True gene mocel I I\ I

STEP 1: SVM Signal Predictions

oy droon o1 T

transform features

STEP 2: Integration

Flxy)

genomic position
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mGene-based Transcript Prediction

genomic position

True gene mocel I I\ I

Wrong gene model ' -

STEP 1: SVM Signal Predictions

[ FETOR OO liway 1
w1 I L1
ace | . | | I
e | il | I
stop 1 L
transform features
STEP 2: Integration
Y Y .
Y I large margin
Fxy) Y e LR
YV
Y

genomic position
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mGene-based Transcript Prediction

position

True gene model I~ — )\ =

Wrong gene model ' - _ _
STEP 1: SVM Signal Predictions
Lo I T TTRN PUOTTT  T T  F T Y  E
tis I L1
ace L . I | I
don | || | |
stop ! L

Expression Evidence

T|I||’|||||‘I"|||

transform SVM outputs with PLiF

STEP 2: Integration

score
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Digestion

o Accurate isoform quantification is non-trivial even if read
mapping is accurate
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o Accurate isoform quantification is non-trivial even if read
mapping is accurate

o Most methods for transcript prediction crucially depend on
accurate alignments
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Digestion

o Accurate isoform quantification is non-trivial even if read
mapping is accurate

o Most methods for transcript prediction crucially depend on
accurate alignments

o Major advances in RNA-seq read mapping, but not solved yet:
o Multi-mapping reads
o Effect of polymorphisms
o Biases by library prep method/fragment size
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Digestion

o Accurate isoform quantification is non-trivial even if read
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o Practical advice for quantitative studies:
o Use exactly the same library prep protocol (same person, same
fragment size, sequenced ideally from the same flowcell)
o Use same read mapping program (and version) for all libraries
o Care about multi-mappers and polymorphisms
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o Accurate isoform quantification is non-trivial even if read
mapping is accurate
o Most methods for transcript prediction crucially depend on
accurate alignments
o Major advances in RNA-seq read mapping, but not solved yet:
o Multi-mapping reads
o Effect of polymorphisms
o Biases by library prep method/fragment size
o Practical advice for quantitative studies:

o Use exactly the same library prep protocol (same person, same
fragment size, sequenced ideally from the same flowcell)

o Use same read mapping program (and version) for all libraries

o Care about multi-mappers and polymorphisms

o Use methods capable of taking uncertainty into account
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