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With a very dynamic epigenetic state

Histone post-translational Remodelling Histone Non-coding
DNA methylation modification complexes variants RNAs
r L Me 1T 1 r 1 T 1

P
Histones O &

Chromatin [

Catherine Dulac, Nature 2010



Which define the state of its functional elements
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Zhou, Goren, Berenstein, Nature Reviews | Genetics
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Motivation: find the genome state using sequencing data



We can use sequencing to find the genome state (Protein-DNA)
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We can use sequencing to find the genome state (Protein-DNA)
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We can use sequencing to find the genome state

Transcription



We can use sequencing to find the genome state

MNEVENRY  RNA

e— e or
RNA fragments l cDNA
EST library

with adaptors

|

ATCACAGTGGGACTCCATAAATTTTTCT
Transcri ption CGAAGGACCAGCAGAAACGAGACENNN G
GGACAGAGTCCCCAGCGGGCTGAAGGGG

ATGAAACATTARAGTCAAACAATATGAA

|

Wang, Z Nature Reviews Genetics 2009
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Overview of the session

We'll cover the 3 main computational challenges of sequence
analysis for counting applications:

e Read mapping: Placing short reads in the genome
* Reconstruction: Finding the regions that originated the reads
e Quantification:

* Assigning scores to regions

* Finding regions that are differentially represented
between two or more samples.
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Spaced seeds

Reference genome
(> 3 gigabases)
Chr1 e———
Chr2
Chr3 ===
Chr4

Extract seeds

Position N

Position 2
CTGC CGTA AACT AATG

Position 1
ACTG CCGT AAAC TAAT

ACTG wsse AAAC swew -

*xxx CCGT AAAC xaxn

ilndex seed pairs

Seed index
(tens of gigabytes)

ACTG wess AAAC swew

“

waes COGT +ess TAAT Six seed
ACTG #ess saws  TAAT pairs per
«sas +aas AAAC TAAT [ read/

ACTG COGT ##as  sxes fragment

Short read

ACTCCCGTACTCTAAT

\/

ACTC CCGT ACTC TAAT

L1
L2]

Look up each pair
of seeds in index

% Hits identify positions
% in genome where
o spaced seed pair
3 is found
*xxx CCGT w»xxx TAAT t:
ACTG we#x  wexx  TAAT Confirm hits
wnes COGT AAAC ssss by checking

wenw” poSItions

—————— |
> Report alignment to user

Trapnell, Salzberg, Nature Biotechnology 2009



Spaced seeds

Burrows-Wheeler

Reference genome Short read Reference genome Short read
(> 3 gigabases) (> 3 gigabases)
Chr1 e ACTCCCGTACTCTAAT Chrl s ACTCCCGTACTCTAAT
Chr2 Chr2
Chr3 === Chr3 mmm
Chr4 Chr4
Concatenate into
Extract seeds single string
——
| ¢ N J
Position N
o-st i Burrows-Wheeler
Position 2 transform and indexing
CTGC CGTA AACT AATG
R Bowtie index .2
Position 1 Y (-2 gigabytes) [y \
ACTG CCGT AAAC TAAT ACTC CCGT ACTC TAAT ! TCCCGTACTCTAAT
ACTG wsse AAAC swew b | 1 I n T
waws CCGT wess TAAT Six seed L2 ] Look up i AT
ACTG sess sasn TAAT pairsper — 3 | ‘suffixes’ n AAT
*xx%  *2xx AAAC TAAT [~ read/ | 4 I Of read 1
ACTG COGT ##as  sxss fragment 5] -
*xxx CCGT AAAC xaxn | 6 I ,
T ACTCCCGTACTCTAAT
Index seed pairs Hits identify F
positions in |

Seed index
(tens of gigabytes)

ACTG #s++ AAAC

e

genome where
read is found

Look up each pair
of seeds in index

% Hits identify positions
% in genome where
o spaced seed pair
x is found
*xxx CCGT w»xxx TAAT t
ACTG we#x  wexx  TAAT Confirm hits
wxax COGT AAAC ssav by checking

“wen” positions

| —— =
T Report alignment to user €—_

Convert each

hit back to

genome location
—————————————

Trapnell, Salzberg, Nature Biotechnology 2009



Short read mapping software for ChlP-Seq

Seed-extend

Short indels

Use base qual

B-W

Use base qual

Maq No YES BWA YES
BFAST Yes NO Bowtie NO
GASSST Yes NO Soap2 NO
RMAP Yes YES
SeqMap Yes NO
SHRiMP Yes NO




RNA-Seq read mapping is more complex




RNA-Seq read mapping is more complex
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RNA-Seq read mapping is more complex

100s bp  10s kb

RNA-Seq reads can be spliced, and spliced reads are most informative



Method |:Seed-extend spliced alignment




Method |:Seed-extend spliced alignment

‘ Seed matching

EEEEEE mmm kmer Seeds

/e



Method |:Seed-extend spliced alignment

‘ Seed matching

EEEEEE mmm kmer Seeds

/e

‘ Seed extend



Method |I: Exon-first spliced alignment
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Method |I: Exon-first spliced alignment
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‘ Spliced read mapping



Short read mapping software for RNA-Seq

Seed-extend

Short indels

Use base qual

Exon-first

Use base qual

GSNAP No NO MapSplice NO
QPALMA Yes NO SpliceMap NO
STAMPY Yes YES TopHat NO
BLAT Yes NO




Short read mapping software for RNA-Seq

Seed-extend Short indels Use base qual  Exon-first Use base qual

GSNAP No NO MapSplice NO
QPALMA Yes NO SpliceMap NO
STAMPY Yes YES TopHat NO
BLAT Yes NO

Exon-first alignments will map contiguous first at the expense of spliced hits



7T Integrative
Genomics
Viewer

IGV: Integrative Genomics Viewer

A desktop application

for the visualization and interactive exploration

of genomic data
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Visualizing read alignments with IGV
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Visualizing read alignments with IGV
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Visualizing read alignments with IGV
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Visualizing read alignments with IGV
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Visualizing read alignments with IGV — RNASeq
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Visualizing read alignments with IGV — RNASeq
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Visualizing read alignments with IGY — RNASeq close-up
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Visualizing read alignments with IGY — RNASeq close-up
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What are the gray reads? We will revisit later.



Visualizing read alignments with IGV — zooming out
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Visualizing read alignments with IGV — zooming out
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How can we identify regions enriched in sequencing reads?



Overview of the session

The 3 main computational challenges of sequence analysis for
counting applications:

e Read mapping: Placing short reads in the genome

* Reconstruction: Finding the regions that originate the reads

e Quantification:
* Assigning scores to regions

* Finding regions that are differentially represented
between two or more samples.



Scripture was originally designed to identify ChIP-Seq peaks

H3K4me3 L

- _ A R e H3K27me3
MEF [ ad . ESC| - .
D ‘*‘1‘ | 2 " - = H3K36me3
< Q. 2
% e % - -
<%
+
%%

Goal: Identify regions enriched in the chromatin mark of interest
Challenge: As we saw, Chromatin marks come in very different forms.

Mikkelsen et al. 2007



Chromatin domains demarcate interesting surprises in the transcriptome
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Chromatin domains demarcate interesting surprises in the transcriptome
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Chromatin domains demarcate interesting surprises in the transcriptome
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How can we identify these chromatin marks and the genes within?

H3K4me3 | Short modification
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How can we identify these chromatin marks and the genes within?
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How can we identify these chromatin marks and the genes within?

H3K4me3 | Short modification
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Scripture is a method to solve this general question
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Our approach

We have an efficient way to compute read count p-values ...
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The genome is big: A lot happens by chance

Nominal P-Value

Genome (3 billion bases)

Identified

Enriched

Expected ~150,000,000 bases

So we want to compute a multiple hypothesis correction



Bonferroni correction is way to conservative

FWER-Bonferroni

Genome (3 billion bases)

Correction factor 3,000,000,000

Bonferroni corrects the number of hits but misses many true hits because
its too conservative- How do we get more power?



Controlling FWER
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Controlling FWER

Max Count distribution

a=0.05 a,=0.05
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Given a region of size w and an observed read
count n. What is the probability that one or
more of the 3x10° regions of size w has read
count >= n under the null distribution?

We could go back to our permutations and
compute an FWER: max of the genome-wide
distributions of same sized region)—>

but really really really slow!!!



Scan distribution, an old problem

* Is the observed number of read counts over our region of interest high?
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Scan distribution for a Poisson process

The probability of observing k reads on a window of size w in a genome of size L given
a total of N reads can be approximated by (Alm 1983):

where

The scan distribution gives a computationally very efficient way to
estimate the FWER



FWER-Scan Statistics

Genome (3 billion bases)

By utilizing the dependency of overlapping windows we have greater power,
while still controlling the same genome-wide false positive rate.
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Segmentation method for contiguous regions

Example : Polll ChIP

Rela

Significant windows using the FWER
corrected p-value

Merge

Trim

But, which window?



We use multiple windows

 Small windows detect small punctuate regions.

 Longer windows can detect regions of moderate enrichment
over long spans.

* In practice we scan different windows, finding significant ones
in each scan.

* In practice, it helps to use some prior information in picking the
windows although globally it might be ok.
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200, 500 & 1000 bp windows 100 bp windows
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Application of scripture to mouse chromatin state maps

Kdme3
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I | —
Fbinl Atxnl10 lincRNA
|dentifed

* ~1500 lincRNAs
". e Conserved
* Noncoding

o * Robustly expressed

lincRNA
Mitch Guttman
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Can we identify enriched regions across different data types!?

H3K4me3 ' Short modification ‘/

H3K36me3
Long modification \/

Using chromatin signatures we discovered hundreds of putative genes.
What is their structure?

RNA-Seq

IJ“_

I A— 5
I A 4

Discontinuous data: RNA-Seq to find gene
structures for this gene-like regions




Scripture for RNA-Seq:
Extending segmentation to discontiguous regions
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and it can be problematic to distinguish between them.

* Reads are short and genes can have many isoforms making it challenging to
determine which isoform produced each read.



The transcript reconstruction problem

100s bp  10s kb

Challenges:

Genes exist at many different expression levels, spanning several orders of
magnitude.

Reads originate from both mature mRNA (exons) and immature mRNA (introns)
and it can be problematic to distinguish between them.

Reads are short and genes can have many isoforms making it challenging to
determine which isoform produced each read.

There are two main approaches to this problem, first lets discuss Scripture’s
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Scripture: A statistical genome-guided transcriptome reconstruction

H3K4me3

Mwu&mme?‘ e Jﬂs&.___._._.__,..‘!n_.

Statistical segmentation of chromatin modifications uses continuity of
segments to increase power for interval detection

RNA-Seq

ya ya l va ya ya ya ya va Vi I/ ya ya l ya ya ya
N N ] N N ~ N N ~ N l\ ~ N I N N ~

If we know the connectivity of fragments, we can increase our power to detect
transcripts
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Longer (76) reads provide increased number of junction

reads

Vi Vi l V4 Va Va Va Va Va V4 I/ Va Va l Vi Va Va
N N l N N N N N N N I\ N N I N N N

Exon junction spanning reads provide the connectivity information.
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The power of spliced alignhments

Protein coding gene with 2 isoforms

Read coverage
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The power of spliced alignments

Protein coding gene with 2 isoforms

= - -
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Read coverage
]} _ . o
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Alternative isoforms

g Aligned read
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ES RNASeq 76 base reads
Aligned with TopHat
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Statistical reconstruction of the transcriptome

Step 1: Align Reads to the genome allowing gaps flanked by splice sites
genome

Step 2: Build an oriented connectivity map oriented every spliced alignment
using the flanking motifs

The “connectivity graph” connects all bases that are directly connected within the
transcriptome
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Statistical reconstruction of the transcriptome

Step 3: Identify “segments” across the graph
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Step 4: Find significant transcripts
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Map reads

Merge windows & build transcript graph
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Filter & report isoforms



Can we identify enriched regions across different data types!?

H3K4me3 L Short modification \/

H3K36me3
Long modification \/

Discontinuous data

Are we really sure reconstructions are complete?
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RNA-Seq data is incomplete for comprehensive annotation

K4-me3

K36-me3
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Library construction can help provide more information. More on this later



Applying scripture: Annotating the mouse transcriptome
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Sensitivity across expression levels
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Even at low expression (20th percentile), we have:
average coverage of transcript is ~95% and 60% have full coverage
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Sensitivity at low expression levels improves with depth
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As coverage increases we are able to fully reconstruct a larger percentage of
known protein-coding genes
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verlapping ncRNAs: Assessing their evolutionary conservation

Mouse G TT CC AATTT GG CT TG AATTT
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SiPhy-Garber et al. 2009
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Class 2: Intergenic ncRNA (lincRNA)
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lincRNAs: Assessing their evolutionary conservation
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lincRNAs: Assessing their evolutionary conservation
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lincRNAs: Comparison to K4-K36

Chromatin Approach
~—Well seperated— «—Well seperated—
80% have
reconstructions
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RNA-Seq First Approach
85% have
chromatin

too small
(<5Kb)

lower enrichments

<Al - i

RNA-Seq reconstruction and chromatin signature synergize
to identify lincRNAs



Other transcript reconstruction methods



Method |: Direct assembly

R

4
H

Sequence-fragmented RNA



Method |: Direct assembly

reads
Break reads
into kmer seeds T T T e T T T T
— - “an mm “Em mm EE Em mm
[— YT “am T TETE TR

de Bruijn “kmer” graph



Method |: Direct assembly

RN

>

Sequence-fragmented RNA

reads
Break reads
into kmer seeds R
. - EmE. . N EE Em
-E Emm -I- ! -- -y -E .

de Bruijn “kmer” graph

Parse graph

Transcript 1 into sequences



Method |: Direct assembly

RN

>

Sequence-fragmented RNA

reads
Break reads
into kmer seeds R
. - EmE. . N EE Em
-E Emm -I- ! -- -y -E .

de Bruijn “kmer” graph
Parse graph

Transcript 1 into sequences

Align sequences

- to genome



Method Il: Genome-guided

RNA

4
-

Sequence-fragmented RNA



Method Il: Genome-guided

e

Align reads
to genome
Fragments aligned to genome



Method Il: Genome-guided

Align reads
\ / to genome
Fragments aligned to genome

R AN i S

ranscript graph



Method Il: Genome-guided

R B L =
Align reads
\ / to genome
Fragments aligned to genome

R AN i S

ranscript graph




Transcriptome reconstruction method summary

I
|__RNA1 |
I I
N — 8 \
/ Sequence-fragmented RNA \
/ \
y Break reads N
VZ into kmer seeds N
e — N -
e s asmams
Align reads ~
/Z to genome Assemble N
7/ reads N
/ AN
- R B - ME ML
/ T .
/ de Bruijn “ "
jn “kmer” graph
e
_8 / Fragments aligned to genome Parse graph
5 [ into sequences
(@)}
GE) Assemble Transcript 1
= |
c |\ Align sequences
% \ to genome
\ —D@:&:ﬁ:@
\ Transcript graph
\ A - /
N\ /
N /7
N - Parse graph K
~ into transcripts - d
~N e
N e
N\ /
\ /
\ /

|




Pros and cons of each approach




Pros and cons of each approach

* Transcript assembly methods are the obvious choice for
organisms without a reference sequence.



Pros and cons of each approach

* Transcript assembly methods are the obvious choice for
organisms without a reference sequence.

« Genome-guided approaches are ideal for annotating high-
qguality genomes and expanding the catalog of expressed
transcripts and comparing transcriptomes of different cell
types or conditions.



Pros and cons of each approach

* Transcript assembly methods are the obvious choice for
organisms without a reference sequence.

« Genome-guided approaches are ideal for annotating high-
qguality genomes and expanding the catalog of expressed

transcripts and comparing transcriptomes of different cell
types or conditions.

* Hybrid approaches for lesser quality or transcriptomes that
underwent major rearrangements, such as in cancer cell.



Pros and cons of each approach

* Transcript assembly methods are the obvious choice for
organisms without a reference sequence.

« Genome-guided approaches are ideal for annotating high-
qguality genomes and expanding the catalog of expressed
transcripts and comparing transcriptomes of different cell
types or conditions.

* Hybrid approaches for lesser quality or transcriptomes that
underwent major rearrangements, such as in cancer cell.

 More than 1000 fold variability in expression leves makes
assembly a harder problem for transcriptome assembly
compared with regular genome assembly.



Pros and cons of each approach

Transcript assembly methods are the obvious choice for
organisms without a reference sequence.

Genome-guided approaches are ideal for annotating high-
qguality genomes and expanding the catalog of expressed
transcripts and comparing transcriptomes of different cell
types or conditions.

Hybrid approaches for lesser quality or transcriptomes that
underwent major rearrangements, such as in cancer cell.

More than 1000 fold variability in expression leves makes
assembly a harder problem for transcriptome assembly
compared with regular genome assembly.

Genome guided methods are very sensitive to alignment
artifacts.



RNA-Seq transcript reconstruction software

Assembly Published Genome

Guided
Oasis NO Cufflinks
Trans-ABySS YES Scripture
Trinity NO
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Differences between Cufflinks and Scripture

e Scripture was designed with annotation in mind. It reports all

possible transcripts that are significantly expressed given the
aligned data (Maximum sensitivity).

* Cuffllinks was designed with quantification in mind. It limits
reported isoforms to the minimal number that explains the
data (Maximum precision).



Differences between Cufflinks and Scripture - Example
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Different ways to go at the problem

Cufflinks Scripture

Total loci called 27,700 19,400
Median # isoforms per loci 1 1
3'd quantile # isoforms per loci 1 2

Max # isoforms 19 1,400
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Different ways to go at the problem

Many of the bogus locus and isoforms are due to alignment artifacts
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Why so many isoforms
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Alignment revisited — spliced alignment is still work in
progress



Missing spliced reads for highly expressed genes

O

]

00 O

|HM1£%% DDM

T
i
o
00

(WN[R[N

[l

[}
[
—
— _H_ - | [—
|WIM [

[

i

EH %Illllllll
I

s A
== —tHssm e m
“I_H_mmm_ﬂ_ﬂ__l__l__l__l_m__mn_mm.ﬂ_ﬂ_ﬂ_

mmm%mmmmmnﬂ_mmmu

WMWHWWMH_D_U M_W_MMMW__H_

g9=56==2

ao
O

N | | | |

o
_wwm ] o e o o e e e e e e

= E=S==E========

MM_M.W_.MM_W_L_I_U IO
Homm==

EEgEH-==—E

m_mmmmmmﬂ_ DO EEEEE=

=

| ="y e o

Read mapped uniquely

I

Read ambiguously mapped

O



Missing spliced reads for highly expressed genes
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Can more sensitive alighments overcome this problem?
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— Map transcriptome
alignments to the genome



junction “database” from

Can more sensitive alignmé8ms$ Bvsdpednives tiahs) problem?

— Use a short read aligner
(Bowtie) to map reads against
the connectivity graph
inferred transcriptome

— Map transcriptome
alignments to the genome
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ScriptAlign: Can increase alignment across junctions
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ScriptAlign: Can increase alignment across junctions
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ScriptAlign: Can increase alignment across junctions
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ScriptAlign: Can increase alignment across junctions
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ScriptAlign: Can increase alignment across junctions

23 000,000
17,250,000
11,500,000 “ TopHat
.. ScriptAlign
5,750,000
0

Spliced Reads

““Map first” reconstruction approaches directly benefit with mapping improvements
We even get more uniquely aligned reads (not just spliced reads)



Overview of the session

The 3 main computational challenges of sequence analysis for
counting applications:

e Read mapping: Placing short reads in the genome

* Reconstruction: Finding the regions that originate the reads

* Quantification:

* Assigning scores to regions

* Finding regions that are differentially represented
between two or more samples.
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Quantification

Low expression

= ]

Short transcript

Long transcript

Read count

m il

RPKM

il

Fragmentation of transcripts results in length bias: longer transcripts have higher counts
Different experiments have different yields. Normalization is required for cross lane

comparisons:

RPKM = 10°

#reads

length X Total Reads

Reads per kilobase of exonic sequence

per million mapped reads
(Mortazavi et al Nature methods 2008)



Quantification

. - ChH——_ "]
Low expression

RPKM

- = = (i H - HH
Short transcript

Long transcript

Read count

Fragmentation of transcripts results in length bias: longer transcripts have higher counts

Different experiments have different yields. Normalization is required for cross lane
comparisons:

RPPEM — 10° #reads Reads per kilobase of exonic sequence
length x TotalReads — per million mapped reads
(Mortazavi et al Nature methods 2008)

This is all good when genes have one isoform.
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Quantification with multiple isoforms

How do we define the gene expression?
How do we compute the expression of each isoform?



Computing gene expression
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Computing gene expression

Ideal: RPKM of the
constitutive reads
(Neuma, Alexa-Seq,
Scripture)



Computing gene expression — isoform deconvolution
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Computing gene expression — isoform deconvolution

If we knew the origin of the reads we could compute each isoform’s expression.
The gene’s expression would be the sum of the expression of all its isoforms.



Computing gene expression — isoform deconvolution

If we knew the origin of the reads we could compute each isoform’s expression.
The gene’s expression would be the sum of the expression of all its isoforms.

E = RPKM, + RPKM,, + RPKIVI,



Programs to measure transcript expression

Implemented method

Alexa-seq

Gene expression by constitutive exons

ERANGE

Gene expression by using all Exons

Scripture

Gene expression by constitutive exons

Cufflinks

Transcript deconvolution by solving the
maximum likelihood problem

MISO

Transcript deconvolution by solving the
maximum likelihood problem

RSEM

Transcript deconvolution by solving the
maximum likelihood problem




Impact of library construction methods
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Library construction improvements — Paired-end sequencing
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Adapted from the Helicos website
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Paired-end reads are easier to associate to isoforms
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Paired-end reads are easier to associate to isoforms
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Paired-end reads are easier to associate to isoforms

P

T U & -
orom1 ————— -
Isoform 2 B - -
Isoform 3 E -

Paired ends increase isoform deconvolution confidence
« P, originates from isoform 1 or 2 but not 3.

« P, and P, originate from isoform 1

Do paired-end reads also help identifying reads originating in isoform 3?
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We can estimate the insert size distribution

P

1 P, -
} { - Get all single isoform reconstructions

Soll .
P|IC€ and compute insert d, d,
distance

Estimate insert size empirical

distribution

0.002 0.003 0.004

0.001

0.000
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. and use it for probabilistic read assignment

soform 1 ———1 S
Isoform 2 I I -
-

Isoform 3 I
d, d, :
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And improve quantification
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mRNA fragments sampled in proportion
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Sequencing
Short reads generated from fragments

Alignment

Reads aligned to genome and splice
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Incorporation of paired ends

Assign reads to isoforms using insert
length distribution
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And improve quantification
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mRNA fragments sampled in proportion
to isoform length and expression level ¥

Sequencing
Short reads generated from fragments

Alignment

Reads aligned to genome and splice
junctions

Incorporation of paired ends

Assign reads to isoforms using insert
length distribution
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Inclusion reads
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Katz et al Nature Methods 2008
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Paired-end improve reconstructions
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Paired-end improve reconstructions
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Paired-end data complements the connectivity graph
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Or split regions
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Or split regions
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Summary

 Paired-end reads are now routine in lllumina and SOLiD
sequencers.

e Paired end alignment is supported by most short read aligners
* Transcript quantification depends heavily in paired-end data

* Transcript reconstruction is greatly improved when using
paired-ends (work in progress)



Giving orientation to transcripts — Strand specific libraries

Scripture relies on splice motifs to orient transcripts. It orients every edge in the
connectivity graph.
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Giving orientation to transcripts — Strand specific libraries

Scripture relies on splice motifs to orient transcripts. It orients every edge in the
connectivity graph.

Y LY

Connectivity | | Lol neT 1 167 |G"' |
graph I ol I 1 ] I I AG AG

Single exon genes are left unoriented



Strand specific library construction results in oriented reads.

lllumina RNA ligation MRNA % o 3" preaden
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to RNA without cleanup * Ligation

(S. Luo and G. Schroth, No gel size selection

personal communication)

Adapted from Levine et al Nature Methods



Strand specific library construction results in oriented reads.

lllumina RNA ligation

mMRNA
+ %

3’ preadenylated adaptors and ‘ Ligation
5" adaptors ligated sequentially 5 agaptor N No gel size selection
to RNA without cleanup * Ligation
(S. Luo and G. Schroth, No gel size selection
personal communication)
cDNA ,
13 Second-strand synthesis
dUTP second strand with dUTP
5 4 -U UU e U e

Second-strand synthesis with dUTP;
remove ‘U's after adaptor ligation ¥
and size selection ¢ USER

e .

- e

3’ preaden
adaptor Sequence depends on

the adapters ligated

The second strand is
destroyed, thus the cDNA
read is always in reverse
orientation to the RNA

Adapted from Levine et al Nature Methods



Strand specific library construction results in oriented reads.

lllumina RNA ligation

3’ preadenylated adaptors and
5" adaptors ligated sequentially

mRNA
+ *

i Ligation
No gel size selection

‘ 5" adaptor +
to RNA without cleanup l Ligation
(S. Luo and G. Schroth, No gel size selection
personal communication)
cDNA
13 Second-strand synthesis
dUTP second strand ™ with dUTP
e A -U UU e YU

Second-strand synthesis with dUTP;
remove ‘U's after adaptor ligation ¥
and size selection v USER

\_ pe _/

- s

3’ preaden
adaptor

Sequence depends on
the adapters ligated

The second strand is
destroyed, thus the cDNA
read is always in reverse
orientation to the RNA

Adapted from Levine et al Nature Methods

Scripture & Cufflinks allow the user to specify the orientation of the reads.



The libraries we will work with are strand sepcific
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* Several methods now exist to build strand sepecific RNA-Seq
libraries.



Summary

* Several methods now exist to build strand sepecific RNA-Seq
libraries.

 Quantification methods support strand specific libraries. For
example Scripture will compute expression on both strand if
desired.



In the works




In the works

« Complementing RNA-Seq libraries with 3’ and 5’ tagged
segments to pinpoint the start and end of reconstructions.



Overview of the session

The 3 main computational challenges of sequence analysis for
counting applications:

e Read mapping: Placing short reads in the genome
* Reconstruction: Finding the regions that originate the reads
e Quantification:

* Assigning scores to regions

* Finding regions that are differentially represented
between two or more samples.
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The problem.

* Finding genes that have different expression between two or more
conditions.

* Find gene with isoforms expressed at different levels between two
or more conditions.

* Find differentially used slicing events
* Find alternatively used transcription start sites

e Find alternatively used 3’ UTRs



Differential gene expression using RNA-Seq

Condition A Condition B GeneA _/i
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Differential gene expression using RNA-Seq

Condition A ———==—=====ficciis======

— —— ——— — ——— e — — — T — — — — —

Condition A Condition B GeneA _/i
S 08 000 ee . po o » "e” e’

Condition B

*(Normalized) read counts €< - Hybridization intensity
*We observe the individual events.



The Poisson model

Suppose you have 2 conditions and R replicates for each conditions and each replicate
in its own lane L.

Lets consider a single gene G.

Let C,, the number of reads aligned to G in lane i of condition k then (k=1,2) and i=(1,...
R).

Assume for simplicity that all lanes give the same number of reads (otherwise introduce
a normalization constant)

Assume C, distributes Poisson with unknown mean m.,.

Use a GLN to estimate m, using two parameters, a gene dependent parameter a and a
sample dependent parameter s,

log(m, ) = a +s, to obtain two estimators m, and m,

Alternatively estimate a mean m using all replicates for all conditions



The Poisson model

G is differentially expressed when m, |=m,
Is P(C,,,C,,|m) is close to P(C,, | m,)P(C,, | m,)

The likelihood ratio test is ideal to see this and since the difference between the two
models is one variable it distributes X? of degree 1.

The X? can be used to assess significance.
For details see

Auer and Doerge - Statistical Design and Analysis of RNA Sequencing Data genomics
2010.

Marioni et al = RNASeq: An assessment technical of reproducibility and comparison with
gene expression arrays Genome Reasearch 2008.



Cufflinks differential issoform ussage

Let a gene G have n isoforms and let p,, ..., p, the estimated fraction of expression of

each isoform.
Call this a the isoform expression distribution P for G

Given two samples we the differential isoform usage amounts to determine whether
H,. P,=P,or H,: P, !=P,are true.

To compare distributions Cufflinks utilizes an information content based metric of how
different two distributions are called the Jensen-Shannon divergence:

p1+---+pm) _Z;LHW)

m

JS(p',...,p™) :H(

m

H(p) == pilogp;.
=1

The square root of the JS distributes normal.



RNA-Seq differential expression software

Underlying model Notes

DegSeq Normal. Mean and variance Works directly from
estimated from replicates  reference transcriptome and
read alignment

EdgeR Negative Bionomial Gene expression table
DESeq Poisson Gene expression table
Myrna Empirical Sequence reads and

reference transcriptome



Mouse Dendritic Cell stimulation timecourse

Dendritic cells are one of the major
regulators of inflammation in our body
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Mouse Dendritic Cell stimulation timecourse
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