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Introduction Quantitation in biology

Introduction

Quantitation in Biology

The Rise of the Sequencers
Sequence-Counting Assays
— ChlP-seq

— RNA-seq

Important Considerations:

— Read Length

— Error Rate

— Mapping Strategy
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Introduction Quantitation in biology

Quantitation in Biology

+ Biology has a rich tradition of quantitative analysis
— Biostatistics for ecology and genetics
— Biochemistry & X-ray crystallography

» But the rise of molecular biology in the 1970s and
1980s led to a more qualitative approach:
— “I see a band on this gel at the right location”
— “We have cloned gene X, which is related to gene Z.”
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Introduction Quantitation in biology

The Central Dogma and
Transcriptional Regulation

» Transcription is tightly
regulated as part of
development
— Also easier to measure than

protein levels

+ Critical questions:

— Which genes are turned on
and off in a given cell at a
Transcription given time?

— What is the expression level
DNA of these genes?

— How is this all encoded in the
DNA?

Proteins

Translation

RNA
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Introduction Quantitation in biology

Generalizing by Going Genome-wide

» The cloning of individual genes during the
last quarter of the 20th century revealed
tantalizing hints to the structure of
eukaryotic genes.

Gene
| N . I .
Long-range regulatory elements = & e %

(enhancers, repressors/ silencers, insulators) "
Transcript

+ But a comprehensive picture of gene regulation
needs to include the entire gene collection for a
given organism as well as its intergenic regions,
collectively called “genome”.
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Introduction The Rise of the Sequencers

Sequencing Genomes

+ Manual sequencing using gels was quickly
automated by the mid-1980s.
— Applied Biosystems
— Capillary sequencing
— 150-200 bp at first, paired 600-700 bp now
+ A concerted effort from the NIH to sequence
genomes of model organisms:
— E coli (bacteria) 4.5 Mb (1997)
— S cerevisiae (yeast) 6.0 Mb (1997)
— C elegans (nematode worm) 98 Mb (1998)

— Human 3 Gb (2000)
» Estimated cost: $2.7 billion in 1991 dollars
» Estimated time in 1990: 15 years
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Introduction The Rise of the Sequencers

The Encyclopedia of DNA Elements

+ Once the genome was sequenced, the next
question became how to make sense of it.
— Which nucleotides are functional ?
— What is their function

* The National Human Genome Research
Institute (NHGRI) started the (mod)ENCODE
projects to annotate the human and model
organism genomes:

— 2004: Human 1%

— 2007: Human whole-genome

— 2008: Drosophila and C. elegans
— 2010: Mouse
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Introduction The Rise of the Sequencers

Originally, microarrays were used to
read out genome-wide functional assays
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ENCODE Project Consortium (2004). Science 306: 636.
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Introduction The Rise of the Sequencers

An Investment: the $1000 human genome

« The situation by the turn of the century:
— Cost of a human-size draft genome (8x) in 2003: $50M

— 4 main publicly supported genome centers in the US received the
bulk of the money set aside for sequencing:

« MIT (Broad)
« Washington University
« Baylor
« DOE
« In 2003, NHGRI committed to develop next-generation
sequencing technologies to lower the cost of 30x a human
genome (~100 Gbp):
— $100,000 genome
— $1,000 genome

« Originally targeted for de novo sequencing, and
resequencing for population genetics.
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Introduction Sequence-counting Assays

A variety of current technologies are
available with different tradeoffs

short
m%’,’ggf’s‘{ems SoLID (2007)
| UMINa Genome Analyzer (2007)
454 Sequencing (2005)
PACIFIC SMRT (2010)
long
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Introduction Sequence-counting Assays

Exponential growth of lllumina mapped
sequence / lane throughput

12 1

!

; /
s i

2007 2008 2009 2010 2011

Jan-07 | Jan-08 | Jan-09 | Jan-10 | Jan-11

|+ Gbp/lane| 0.025 | 0128 | 1.5 10 | 30-50 ?
Read type: 1x25 1x36 2x75 2x100 2x150
Cost/lane is relatively stable at $600 to $1,200
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Introduction Sequence-counting Assays

lllumina and SOLID
Sequencing Technologies
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Introduction Sequence-counting Assays

lllumina Sequencing

» Solexa released a sequencing machine in 2006
» Fragment sizes from 28 — 100

» Probes are fixed to a glass plate “flow cell”

» Reagents are directed through flow cell

[

o0
olo

ojo ojO0j0]0
oloclololo

Watch a movie describing the sequencing process can be found here:
http://www.youtube.com/watch?v=HtuUFUnYB9Y
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Introduction Sequence-counting Assays

lllumina Sequencing =fml

Step1-3
» sample preparation: randomly fragment genomic DNA and ligate adaptors

to both ends of the fragments
> attach DNA (probes) to surface

> bridge amplification
1 BRIDGE AMPLIFICATION

1. PREPARE GENOMIC DNA SAMPLE 2. ATTACH DNA TO SURFACE

r i
’ 8 >
Jﬁ'# B o
4
Rendomily ragment genomic DNA Bind single-stranded fagments randomly to  Add unlabeled nudeotides snd enzyme to
and ligote sdopters to both ends of the the inside surface of the flow cell channels,  initits solid-phase bridge amphfication.
Fogments. [Hllumina]
ISMB Tutorial, July 10, 2010 14 / 168
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Introduction

[llumina sequencing
Step 4 -6

Sequence-counting Assays

» synthesize second strands, fragments become double-stranded
» denature single-stranded samples

4. FRAGMENTS BECOME DOUBLE
STRANDED

> after several cycles clusters are ready for sequencing
. 5. DENATURE THE DOUBLE-STRANDED

6. COMPLETE AMPLIFICATION
MOLECULES
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[HMumina]
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Introduction Sequence-counting Assays

[llumina sequencing
Step7-9

» determine first base
> image first base

» determine second base

7. DETERMINE FIRST BASE 8. IMAGE FIRST BASE 9. DETERMINE SECOND BASE

lli]‘h i{gli%ia

Laser Laser
Fiest init Sacond caminry e ta b ech te

addall four emitted cyde, sdd all four labeled
terminators, primers and DNA polymersse flow cell. identity i and enzyme to the
enzyme to the flow cell. for each duster. flow cell

[Hllumina]
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Introduction Sequence-counting Assays

[llumina sequencing

Step 10 and 11
> image second chemistry cycle

> sequence reads over multiple chemistry cycles

10. IMAGE SECOND CHEMISTRY CYCLE 11. SEQUENCE READS OVER MULTPLE
CHEMISTRY CYCLES

e o
‘s GCTGA...
After laser excitation, eollect the imoge data  Repeat cycles of sequencing to determine
s before. Record the identty of the second  the sequence of bases in a given fragment
bss for aach duster. 5 single hase st time.

[Hllumina]
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Introduction Sequence-counting Assays

SOLID Sequencing

» Sequencing by ligation: Fragments ligated to “beads”

Fragment Library

\/\ Primers P1<<P2

‘ N N - Cm':led
Mate-Paired Library g g Beads

NS N
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Introduction Sequence-counting Assays

SOLiD Sequencing

» Sequencing by ligation: Fragments ligated to “beads”

» PCR, beads enriched with fragments, ends of the templates
modified to allow for an attachment to the slide

J
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Introduction Sequence-counting Assays

SOLID Sequencing

» Sequencing by ligation: Fragments ligated to “beads”

» PCR, beads enriched with fragments, ends of the templates
modified to allow for an attachment to the slide

» Beads are deposited onto a glass slide

.f:(< ~
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Introduction Sequence-counting Assays

SOLiD Sequencing

vV Yy

Sequencing by ligation: Fragments ligated to “beads”
PCR, beads enriched with fragments, ends of the templates

modified to allow for an attachment to the slide

\ A 4

Bead

Bead

CLEAVE

Bead
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Beads are deposited onto a glass slide
Di-base probes compete for ligation to the sequencing primer

<

Ligase ‘
+ K — g
Prime S G-G-n-n-n222
rimer 53 P —
. LLLL \
Adapter Sequence Template Sequence
5 Primer +
GT
5 LT
Adapter Sequence Template Sequence
Cleavage
Primer 27
-A-n-n-n p5’
o] | \
Adapter Sequence Template Sequence

Functional Genomics with Deep Sequencing
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Introduction Sequence-counting Assays —

SOLID Sequencing - Color Space

» 4 fluorescent dyes for 16 possible 2-mers
» Reverse, complement and reverse complement are always of
same color

Possible Dinucleotides Encoded By Each Color

2nd Base
Template Sequence
A C G T

s L AT AC AA GA
e CG CA CC TC
————— GC GT GG AG

|F—— TA T6 TT cr

st Base

- & O P

Double Interrogation

With 2 base encoding each . 2 g
base is defined twice |
e s gre Lyg elory
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Introduction Sequence-counting Assays

SOLID Sequencing - Color Space fml

» 4 fluorescent dyes for 16 possible 2-mers
» Reverse, complement and reverse complement are always of
same color

SNP site indicated by 2 adjacent color changes

AacCTAGG TG Reference in base space

Reference in color space

Read in color spage
AACGTAGGTG Read in base space
SNP

Single color change is typically a measurement error

ALAGE CUT K6 6 T 6 Reference in base space
s 2
Reference in color space
k) Read in color space
AACGATCCAC Read in base space
Error

1 Base Deletion

AACCTAGGTG Reference in base space

Reference in color space

Read in color space

AAC-TAGGTGE Read in base space
Deletion
Insertion

Reference in base space

Reference in color space

Read in color space
AACCAGTAGGTG fead in base space
Insertion
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Introduction Important Considerations

Genomics: a maturing field

Global General Specific
Counting assays
Genomes :' ‘Tra nscriptome Transcription \‘I
+ discovery factor interactome;
Comparative . Transcriptional Transcriptome i
Genomics . regulation quantitation )
________________ Variant
discovery /
P resequencing
Pure Applied
Longer reads Shorter reads
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Chromatin

Introduction

mANA

Memyl sensitive Other input

Important Considerations

I‘h’ahigh

Other (microRNA, 3C, ribonucleoprotein,

: » DNase-hyp sites,
/" sequencing . nucleosome position, elc.)
ChIP-Seq mRNA-Seq Methyl-Seq
1 kb at the SAF locus 6 kb at the cdi locus 60 kb at the PRDM2Z locus
VTN T Y . [ I
="' || ILE Eia
vasa;':n':e Spliced | M
factor reads
ero
Unspliced | II' | I ” F
e - LAY reads | J ! .' =T - s ]
Uil | Undigested
MyoD 1 |
factor | control DNA .
| I CpG islands
Binding 4 I PDRAMZ cONA g——————————
motifs 'S PORM2CONAD — — ——
Wold & Myers

Nature Methods, 2007

For all sequence-counting assays, the more reads, the better

About half of the worldwide current generation of
sequencing capacity is dedicated to these assays.
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Introduction Important Considerations

ChIP-seq

A digital counting method to score site occupancy
by DNA binding proteins

crosslink proteins to DNA

shear by sonication

immunoenrich control (no antibody)
reverse crosslink reverse crosslink
. optional amplification optional amplification
Bl_l:tljlgal:]é” size select size .f;elect 2 Days
prep for sequencing prep for sequencing
sequence sequence 2 Days
map to genome map to genome 1 Day

\/
w'll'“ 'ﬂl" LI '[I'l L
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Introduction Important Considerations

RNA-seq

A digital counting method for
transcriptome discovery and quantification

Fv e man

AL

Select RNA fraction of interest
(poly(A), ribo-minus, and others)

L — 0
vy AR
ALA

l Fragment, reverse transcribe

l Sequence, map onto genome

Quantitate
(relative, absolute, non-molar, and others)

3x 2X 1x
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Introduction Important Considerations

RNA-seq

Splice mapping strategies

de novo assembly of the transcriptome

highly expressed gene R il N Read coverage must be
high enough to build EST
lowly expressed gene e W contigs (green solid bar)

Map onto the genome

T Read mapper must
— support splitting reads

pa -—a

= ! s — _ torecord splices
Map onto the genome and splice junctions

Splice junctions
sequences from
either annotations
or inferred
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Introduction

Important Considerations

ChiP-seq RNA-seq RNA-seq
quantification discovery
S RNA-seq, ChIP-seq, and external data
tié‘”‘ associated ( differential ‘ ‘ novel splice
% I genes expression isoforms
g| ~ Analyze w <
S motif finding expression novel gene
® levels models
D . preerrrerrrrrrrrR A Ty
)
c binding sources e
= transfrags
Aggregate ™ 7
: : & )
and identify enriched density on known
regions | exons de novo
......................................................................................... transcript
. ; assembly
splice-crossing reads
Map reads

contiguous reads
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Introduction Important Considerations

Sequencing considerations

* Amount of sequence:

— 6-15 million reads for ChlP-seq of sequence specific factor in
mammals

— 20-40 million reads for RNA-seq quantitation, more for
transcript assembly

» Type of sequence:
— 1x36bp for ChlP-seq, RNA-seq quantitation
— 2x75bp or more for RNA-seq transcript assembly

+ For RNA-seq, longer reads translate into more splice
events observed
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Introduction Important Considerations

Sequence mapping considerations

* Quality of sequence:
— “Filtering by mapping” for quantitation
— Mapping using quality score for more sensitivity and for
SNP-calling
+ How to handle and weight multireads, i.e. reads that
map to more than one place in the genome
— Ignore them
— Take reads that map to a small number of places
— Take all
* How many mismatches to allow ? Will this be used
for SNP calling ?
— A finite number (e.g. 5/ 100)

— A finite amount of quality budget (e.g. up to 200 quality
values, distributed across as many positions)
— As many mismatches as still uniquely mappable.
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Introduction Important Considerations

Roadmap

ChIP-seq
Introduction
Mapping the reads
Taking Advantage of Directionality

Introduction
Quantitation in biology
The Rise of the Sequencers

Sequence-count.ing Assays Shifting Reads
Important Considerations Motif Finding

Transcriptome Analysis
Motivation Integration
Common Steps and Challenges The Combinatorial Problem
RNA-seq Read Mapping Analyzing Chip-seq Datasets Jointly
Quantitation & Diff. Expression Segmenting the Genome
Transcript Reconstruction Learning Regulatory States
Transcript Assembly Joint Analysis of Chip- and RNA-Seq
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Transcriptome Analysis Motivation

Transcription & RNA Processing in Eucaryotes

» Newly synthesized
pre-mRNA is
capped.

[CBP20 & CBP80:
cap-binding proteins]

(@© Gunnar Ratsch and Ali Mortazavi

5’
Cdk7

RNGTL(RT/GT)

[Bergkessel et al., 2009]
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Transcriptome Analysis Motivation

Transcription & RNA Processing in Eucaryotes

4
4
[
]
[}
]
. 1
» Introns are spliced :
\
from pre-mRNA. \

[U1, U2, U4-6:
spliceosome

SF1, U2AF, SR proteins:
splicing factors]

[Bergkessel et al., 2009]
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Transcriptome Analysis Motivation

Transcription & RNA Processing in Eucaryotes

SCP1
s (phosphatase)k

» A polyA-tail is
added to the 3’
terminus of
pre-mRNA.

[Bergkessel et al., 2009]
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Transcriptome Analysis Motivation

Key Research Questions

» Characterize an organism's full complement of genes

= Find new (possibly noncoding) genes
= Compare genes among organisms

» Characterize transcript isoforms
= Find new alternative splice forms / transcript ends

» Monitor transcriptome changes between tissues
or in response to environmental changes (e.g. stress)

= ldentify significant expression changes

» Understand transcriptome regulation

= Knock-out / knock-down analysis of regulators

~ ldentify regulated targets with significant expression changes
= ldentify binding sites used in regulation (e.g. ChlP-seq)
= QTL-Mapping of transcriptome-phenotypes
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=fml

Motivation

Transcriptome Analysis

)

RNA Transcripts and Library Preparation
)

There are many different kinds of RNAs:

» Protein-coding mRNAs

» Noncoding RNAs

» Structural RNAs (e.g. rRNAs, tRNAs,

» Small RNAs (e.g. miRNAs, endogenous siRNAs,
» Antisense / promoter-associated transcripts

Analysis of biological sample starts with sample/library preparation.

Depending on which RNAs should be targeted, different preparation
ISMB Tutorial, July 10, 2010 31 / 168

strategies have to be used.
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Transcriptome Analysis Motivation

Sample/Library Preparation Choices

Directly sequencing total-RNA is suboptimal in most cases:
» rRNA, tRNAs constitute the largest fraction of RNA (> 90%)

Sample preparation choices:
» ribo-minus (rRNA depletion, if it works)
» oligo-dT (selection of poly-adenylated transcripts),
» exonuclease treatment (degrade 5'-P RNAs)

Library preparation options (depend on sequencing technology)
» Strand information

» paired end, mate-pair sequencing

Most of these steps distort RNA transcript concentrations.

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 32 / 168



Transcriptome Analysis Motivation

RNA-Seq Biases
wion

RT =
l mRNA

sequence library

Biases due to ...

» cDNA library construction

-——= » Sequencing
<—</RT » Read mapping

¢ fragmentation

sequenced reads

A .

" ()

—_ ()]

_ ©
) ) — o 60

\’—_.— >
—= S 40

enome g
g © 20

b

transcripts

relative transcript position 5’ -> 3’
reads ~

(average over annotated
transcripts of length ~1kb for the
C. elegans SRX001872 dataset)

junction reads
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Transcriptome Analysis Common Steps and Challenges

Common RNA-Seq Analysis Steps

“Reads’
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Transcriptome Analysis ~ Common Steps and Challenges

Common RNA-Seq Analysis Steps
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Transcriptome Analysis ~ Common Steps and Challenges

Common RNA-Seq Analysis Steps
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Transcriptome Analysis Common Steps and Challenges

RNA-seq Read Analysis |

Given read data, the following analysis steps are possible:
» Assembly
= generate contigs

fomm 0 O
[CTCTeTA AT [OGACTC] corrm

[ATTTI
OB ey BOATAA

(Keecinndl
magic

Reads 27 7
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Transcriptome Analysis Common Steps and Challenges

RNA-seq Read Analysis |

Given read data, the following analysis steps are possible:

» Assembly
= generate contigs

» Mapping/Alignments
= map/align reads back to a known genome

.. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. ..
GCAAACCAGTGACCTGACTACTACGTCGTAACGTAC
CAAACCAGTGACCTGACTACTACGTCGTAACGTACA
AAACCAGTGACCTGACTACTACGTCGTAACGTACAC
AACCAGTGACCTGACTACTACGTCGTAACGTACACG
ACCAGTGACCTGACTACTACGTCGTAACGTACACG
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Transcriptome Analysis Common Steps and Challenges

RNA-seq Read Analysis |

Given read data, the following analysis steps are possible:

» Assembly
= generate contigs

» Mapping/Alignments
= map/align reads back to a known genome

» Quantification of transcripts
= Estimate abundances for alternative splice forms

Problem: hundreds of millions of reads of short length

= Big computational challenge
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Transcriptome Analysis Common Steps and Challenges

RNA-seq Read Analysis |l

» Experiment leads to millions of reads 36 — 100nt
» Reads may have a position-wise varying quality

mean read quality as function of position
45

35
30

(] 5 10 15 20 25 30 35
position in read

quality of base call
N
o

» Quality corresponds to error probability:

)

» Example: If we have an error probability of 10~3 per base then
the quality is 30

q= —-10- /Oglo(l P
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Transcriptome Analysis RNA-seq Read Mapping

RNA-seq Reads Analysis - Mapping
Reads mapping problem

For each read find its target regions on the reference genome such
that are at most k mismatches between read and target.

» Global/local alignment of all reads prohibitive
» A read stems from a certain small region
» Find this region and then do an alignment
» (Spaced) seeds » Suffix trees/arrays » Burrows-Wheeler

» Common tools: bowtie [Langmead et al,, 2009], bwa [Li and Durbin, 2009, 2010],
GenomeMapper [schnecberger et al, 20002], SAFIMP [Rumble et al., 2009],
SOAP(2) i et a1, 2000, VMATCH, MAQ [1i et a1, 2008, ELAND,
segemehl [Hoffmann et al, 2009], . . . (~50 more)

» Main issues:

» Accuracy » Speed » Memory Consumption
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http://bowtie-bio.sourceforge.net/index.shtml
http://bio-bwa.sourceforge.net/
http://1001genomes.org/downloads/genomemapper.html
http://compbio.cs.toronto.edu/shrimp/
http://bioinformatics.oxfordjournals.org/cgi/content/full/24/5/713
http://www.vmatch.de/
http://en.wikipedia.org/wiki/List_of_sequence_alignment_software

Transcriptome Analysis RNA-seq Read Mapping

Mapping via Spaced Seeds

» Blast-like searches suffer from two problems:
> longer seeds lose distant homologies
» shorter seeds create too many hits
» Idea: Create seeds that have a higher probability of a hit in a
homologous region while lower expectation of random hits
= Spaced seeds
. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. ..

TGACTACT
11111111
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Transcriptome Analysis RNA-seq Read Mapping

Mapping via Spaced Seeds =l

» Blast-like searches suffer from two problems:
> longer seeds lose distant homologies
» shorter seeds create too many hits
» Idea: Create seeds that have a higher probability of a hit in a
homologous region while lower expectation of random hits

= Spaced seeds

. GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. ..
GCAAACCAGTGACCI%Q%{?({{ACGTCGTAACGTAC
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Mapping via Spaced Seeds =l

» Blast-like searches suffer from two problems:
» longer seeds lose distant homologies
» shorter seeds create too many hits
» ldea: Create seeds that have a higher probability of a hit in a
homologous region while lower expectation of random hits

= Spaced seeds

.GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. ..
TGACTA TAACGTAC

GCAAACC
10000100110 10001000 00011
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Transcriptome Analysis RNA-seq Read Mapping

Mapping via Spaced Seeds

» Blast-like searches suffer from two problems:
» longer seeds lose distant homologies
» shorter seeds create too many hits
» ldea: Create seeds that have a higher probability of a hit in a
homologous region while lower expectation of random hits
= Spaced seeds

. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. ..
GCAAACCAGTGACCTGACTACTACGTCLTAACGTAC
100001001101000100000011
011110000010010101000000
110000110000000001111000
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Transcriptome Analysis RNA-seq Read Mapping

Mapping via Suffix Arrays =

» Given a long fixed string of length n and smaller patterns of
lengths m to be searched for
» Construction in O(n), Patterns can be detected in O(m)

[Wikipedia]
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Transcriptome Analysis RNA-seq Read Mapping

Burrows-Wheeler Transform (BWT)
li BWT

Sacaacg
aacgsac
acaacgs$s
acaacg$ mp acgsaca mp gcsaaac
caacgs$a
cg$acaa
gSacaac

Burrows-Wheeler Matrix (BWM)

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis RNA-seq Read Mapping

Bowtie algorithm

Reference

BWT( Reference )

@HWI-EAS412_4:1:1:1376:380
AATGATACGGCGACCACCGAGATCTA

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis RNA-seq Read Mapping

Bowtie algorithm

Reference

G VT T e e e i i e

BWT( Reference )

@HWI-EAS412_4:1:1:1376:380
AATGATACGGCGACCACCGAGATCTA]

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis RNA-seq Read Mapping

Bowtie algorithm

Reference

BWT( Reference )

@HWI-EAS412 4:1:1:1376:380
[AATGATACGGCGACCACCGAGATCTA|

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis RNA-seq Read Mapping

Bowtie index

The index 1s a sampled, enhanced BWT

bowtie-build implements a difference-
cover suffix sorting algorithm from:

— Kérkkainen, J. Fast BWT in small space by
blockwise suffix sorting. Theor. Comput. Sci. 387,
249-257 (2007).

Can index the human genome 1n less than 1 day

Or download from http://tinyurl.com/bowtiesrc

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis RNA-seq Read Mapping —

Read Alignment with GenomeMapper

GenomeMapper for (unspliced) read mapping:

» Alignments based on GenomeMapper developed in Tibingen for
the 1001 plant genome project [Schneeberger et al., 2009b]

» k-mer based index, well suited for smaller genomes

DNA ACCGICGCGCGCGT. .. TCGGCG. . .AGAACGCT

TCGCGCGCAACG
TCGC

matching
k-mers
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Transcriptome Analysis RNA-seq Read Mapping —

Spliced vs. Unspliced Alignments

Intron

pre-mRNA
Exon

mRNA
Short reads

Short read is split by
intron when alighing
to reference Genome

[Wikipedia]

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 44 / 168



Transcriptome Analysis RNA-seq Read Mapping

Spliced vs. Unspliced Alignments

.. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. .. .CCGTAGAATTGACTGTGTTG. . .
GCAAACCAGTGACCTGACTACTACGTCGTAACGTAC
CAAACCAGTGACCTGACTACTACGTCGTAACGTACA
AAACCAGTGACCTGACTACTACGTCGTAACGTACAC
AACCAGTGACCTGACTACTACGTCGTAACGTACACG

ACCAGTGACCTGACTACTACGTCGTAACGTACACG ——— A
CCAGTGACCTGACTACTACGTCGTAACGTACACG —————  —AA
CAGTGACCTGACTACTACGTCGTAACGTACACG —————  AAT
AGTGACCTGACTACTACGTCGTAACGTACACG —  AATT
GTGACCTGACTACTACGTCGTAACGTACACG — AATTG
TGACCTGACTACTACGTCGTAACGTACACG — — AATTGA

» Find matching region on genome with a few mismatches
» Efficient data structures for mapping many reads

» Most current mapping techniques are limited to unspliced reads
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Transcriptome Analysis RNA-seq Read Mapping [

Tools for Spliced Read Alignments fml

Traditional ones developed for cDNA sequence alignment:
» blast [atschul et al, 1900], spliced alignments [Gelfand et al, 1996], SiM4
[Florea et a1, 1998], GeneSeqer [Usuka et al., 2000, Spidey [wheelan 5J, 2001], blat
[Kent, 2002], €xalin [Zhang and Gish, 2006], Palma [schulze et al., 2007]
= Too slow for RNA-seq read alignment
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Transcriptome Analysis RNA-seq Read Mapping

Tools for Spliced Read Alignments

Traditional ones developed for cDNA sequence alignment:
» blast [atschul et al, 1900], spliced alignments [Gelfand et al, 1996], SiM4
[Florea et a1, 1998], GeneSeqer [Usuka et al., 2000, Spidey [wheelan 5J, 2001], blat
[Kent, 2002], €xalin [Zhang and Gish, 2006], Palma [schulze et al., 2007]
=Too slow for RNA-seq read alignmentVariety of new tools

specific for spliced NGS read alignment:

» Erange [Mortazavi et al. 2008, GEM [Ribeca), MapNext [ao et al., 2009],
MapSplice [pins), PALMapper [Ritsch et al., 2010]
(=GenomeMapper/QPALMA [schneeberger et al., 20095, De Bona et al., 2008]),
PASS [Campagna et al, 2009], Star (pobin), TopHat [Trapnell et al., 2009], . . .
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Transcriptome Analysis RNA-seq Read Mapping

Tools for Spliced Read Alignments

Traditional ones developed for cDNA sequence alignment:
» blast [atschul et al, 1900], spliced alignments [Gelfand et al, 1996], SiM4
[Florea et a1, 1998], GeneSeqer [Usuka et al., 2000, Spidey [wheelan 5J, 2001], blat
[Kent, 2002], €xalin [Zhang and Gish, 2006], Palma [schulze et al., 2007]
=Too slow for RNA-seq read alignmentVariety of new tools

specific for spliced NGS read alignment:

» Erange [Mortazavi et al. 2008, GEM [Ribeca), MapNext [ao et al., 2009],
MapSplice [pins), PALMapper [Ritsch et al., 2010]
(=GenomeMapper/QPALMA [schneeberger et al., 20095, De Bona et al., 2008]),
PASS [Campagna et al, 2009], Star (pobin), TopHat [Trapnell et al., 2009], . . .

> |ssues:

» Assumptions on splice consensus
» Accuracy of intron predictions
Speed (often higher than for unspliced alignments)

» Memory consumption (similar to unspliced mappers)
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Transcriptome Analysis RNA-seq Read Mapping

Aligning reads with TopHat

identify candidate exons
via genomic mapping

(M- B e

LAas B N ———| B e Generate possible pairings

of exons

junctions

A B aeses 5 e Align reads to possible

(Trapnell, 2010)
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Transcriptome Analysis RNA-seq Read Mapping

tophat h sapiens left reads.fq [right reads.fq]

les gt
| annotated | closure
| junctions junctions

junction index

Spliced alignments (Trapnell, 2010)
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Transcriptome Analysis RNA-seq Read Mapping

Longer reads

By segmenting the long reads, and mapping the segments independently, we can
look harder for junctions we might have missed with shorter reads

>HWI-EAS229_75_30DY0AAXX:7:1:0:949

GAToTTCTCAGTGTCE —asaggisic

Running time

independent of

intron size
 swm—— [———

Very long (100Kb+) intron (Tra pnell 201 0)
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Transcriptome Analysis RNA-seq Read Mapping

Read Alignment with PALMapper

GenomeMapper for (unspliced) read mapping:

» Alignments based on GenomeMapper developed in Tibingen for
the 1001 plant genome project [Schneeberger et al., 2009b]

» k-mer based index, well suited for smaller genomes
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Transcriptome Analysis RNA-seq Read Mapping —

Read Alignment with PALMapper

GenomeMapper for (unspliced) read mapping:

» Alignments based on GenomeMapper developed in Tibingen for
the 1001 plant genome project [Schneeberger et al., 2009b]

» k-mer based index, well suited for smaller genomes

DNA ACCGICGCGCGCGT. .. TCGGCG. . .AGAACGCT

TCGCGCGCAACG
TCGC

matching
k-mers
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Transcriptome Analysis RNA-seq Read Mapping

Read Alignment with PALMapper

GenomeMapper for (unspliced) read mapping:

» Alignments based on GenomeMapper developed in Tibingen for
the 1001 plant genome project [Schneeberger et al., 2009b]

» k-mer based index, well suited for smaller genomes

DNA ACCGICGCGCGCGT. . .TCGGCG. . .AGAACGCT
TCGCGCGCAACG
TCGC \
CGCG
) ccge  Read
matching T oaes
k-mers p—
GCGC
CGCA
/ GCAA
k-mers CAAC
AACG
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Transcriptome Analysis RNA-seq Read Mapping

Read Alignment with PALMapper

GenomeMapper for (unspliced) read mapping:

» Alignments based on GenomeMapper developed in Tibingen for
the 1001 plant genome project [Schneeberger et al., 2009b]

» k-mer based index, well suited for smaller genomes

v

QPALMA for spliced read alignments:

» GenomeMapper identifies seed regions

» Spliced alignments by QPALMA [De Bona et al., 2008]

v
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Transcriptome Analysis RNA-seq Read Mapping

Read Alignment with PALMapper

GenomeMapper for (unspliced) read mapping:

» Alignments based on GenomeMapper developed in Tibingen for
the 1001 plant genome project [Schneeberger et al., 2009b]

» k-mer based index, well suited for smaller genomes

v

QPALMA for spliced read alignments:

» GenomeMapper identifies seed regions

» Spliced alignments by QPALMA [De Bona et al., 2008]
DNA —— ACCGICGCGCGCET. . . TCGGCG. . . AGRACGCT

I

TCGCGCGCAACG <—— Read
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Transcriptome Analysis RNA-seq Read Mapping

QPALMA: Extended Smith-Waterman Alg.

..AEETT
@ A C G T N

0.33 0.3 0.12 0.3 0.3 0.55 > Sequence matches

E?EZGTAGCT....CCGTAG
A

0.31 0.12 0.12 0.3 0.55 0.33
0.44 0.12 0.44 0.3 0.59 0.12

0.13 0.85 0.31 0.33 0.51 0.3

0.55 0.12 013 0.12 0.11 0.1

0.12 0.01 0.3 0.12 0.3 0.01

Classical scoring f : ¥ x ¥ — R
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Transcriptome Analysis RNA-seq Read Mapping

QPALMA: Extended Smith-Waterman Alg.

ﬁ i iGCT. .. .CCG/H|TG:T\CTGTGTTG. ..
AATT(LzA
@ A C G T N
0.33 0.3 0.12 0.3 0.3 0.55 > Sequence matches
0.31 0.12 0.12 0.3 0.55 0.33 » Computatlonal Spllce
0.44 0.12 0.44 0.3 0.59 0.12 site predictions

0.13 0.85 0.31 0.33 0.51 0.3

0.55 0.12 013 0.12 0.11 0.1

0.12 0.01 0.3 0.12 0.3 0.01

Classical scoring f : ¥ x ¥ — R
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Transcriptome Analysis RNA-seq Read Mapping

QPALMA: Extended Smith-Waterman Alg.

RN

gap 0.33 0.3 0.12 0.3 0.3 055 > Sequence matches

0.8 0.5
EZGTAGCT. .. .CCGTAG

0.31 0.12 0.12 0.3 0.55 0.33 » Computational Splice

0.44 0.12 0.44 0.3 0.59 0.12 Site predictions

0.13 0.85 0.31 0.33 0.51 0.3
» Intron length model

0.55 0.12 013 0.12 0.11 0.1

0.12 0.01 0.3 0.12 0.3 0.01

Classical scoring f : ¥ x ¥ — R
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Transcriptome Analysis RNA-seq Read Mapping

QPALMA: Extended Smith-Waterman Alg.

. CCGT /i‘\/i‘\'ll"ll'G/i\CTGTGTTG
AATT&A
e A C G T N Source of information
CEEERAORAORAORAORAC) » Sequence matches
0.31 £,0) 10 10 10O 10 » Computational splice
044 £0 TO 1O £O 10 site predictions
£0 £0 £0 1O £
013 §0 10 &0 §O £0 » Intron length model
0.55 £,0) 0O £ £.0O) £ i
012 0 1O 10 10 10 - Iz qualy
information |
Quality scoring f : (L xR) x X — R [De Bona et al., 2008]
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Transcriptome Analysis RNA-seq Read Mapping

RNA-Seq Read Alignment with QPALMA

Generate set of artificially spliced reads
» Genomic reads with quality information
» Genome annotation for artificially splicing the reads
» Use 10,000 reads for training and 30, 000 for testing

2
©
o
S
]
€
)
£
c
2
<
14.19% 9.96%
SmithwW Intron Intron+ Intron+
Splice Splice+
Quality

[De Bona et al., 2008]

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 51 / 168



RNA-Seq Read Alignment with QPALMA

Transcriptome Analysis

Generate set of artificially spliced reads
» Genomic reads with quality information

» Genome annotation for artificially splicing the reads
» Use 10,000 reads for training and 30, 000 for testing

Alignment Error Rate

(@© Gunnar Ratsch and Ali Mortazavi

14.19%
Smithw

Frequency
g @

2
2

3
8

Intron Intron+ Intron+
Splice Splice+
Quality

Functional Genomics with Deep Sequencing

RNA-seq Read Mapping —

Error vs. intron position

678 91011121314 1516 17 18 1920 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35,36
Intron position

[De Bona et al., 2008]
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Transcriptome Analysis RNA-seq Read Mapping

RNA-Seq Read Alignment with QPALMA

Generate set of artificially spliced reads
» Genomic reads with quality information
» Genome annotation for artificially splicing the reads
» Use 10,000 reads for training and 30, 000 for testing

Error vs. intron p05|t|on

E!nl 12n( 12nt 8nt
0.14 T LAV S e S S S B S B s e e

[0} 0.12
2
©
o 01
<)

>
= g 0.08,
w g
—— g 0.08|
S =
E 0.04]
C
>
i 0.02|

14.19% 9.96% 1.94% 1.78% |
. 1723856789 1001121314 15 1617 18 19.20 21 22 23 24 25 26 27 26 29 30 31 52 33 94 85 56
SmithW Intron Intron+ Intron+ Intron position
Splice Splice+
Quality

[De Bona et al., 2008]
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Transcriptome Analysis  Quantitation

Quantitation ]
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Transcriptome Analysis  Quantitation

Estimate Gene Expression fml
Idea: Use the number of reads mapping to a gene as estimate for

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

transcript length

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 53 / 168



Transcriptome Analysis  Quantitation

Estimate Gene Expression

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

Problem: Read number scales with total number of reads and
transcript length

Approach: Normalize read count, by

» Length of the transcript (sum of exonic regions in kilobases)
» Total number of reads (in million)

= Reads per kilobase per million mapped reads (RPKM)

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 53 / 168



Transcriptome Analysis  Quantitation

Estimate Gene Expression

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

Problem: Read number scales with total number of reads and
transcript length

Approach: Normalize read count, by
» Length of the transcript (sum of exonic regions in kilobases)
» Total number of reads (in million)

= 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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Transcriptome Analysis  Quantitation

Estimate Gene Expression

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

Problem: Read number scales with total number of reads and
transcript length

Approach: Normalize read count, by
» Length of the transcript (sum of exonic regions in kilobases)
» Total number of reads (in million)

= 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)

RPKM/FPKM values are strongly dependent on the expression level
of the highest expressed genes (largest fraction of reads). Robuster
estimates are necessary, e.g. based on the median.

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 53 / 168



Transcriptome Analysis  Quantitation

Quantitation of Transcripts

AT1G01630
Chromosome CHR1 +

228971 229372 229773

230174 230575

Read count

10° ! I | I 1 ! !

L
2.29 2.292 2.294 2.296 2.298 23 2.302 2.304 2.308 2.308

x10°
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Quantitation of Transcripts

AT1G01630
Chromosome CHR1 +

228971 229372 229773 230174 230575

Read count

0

10

1 I L L

1 L L 1 L | 1
2.29 2.292 2.294 2.296 2.298 23 2.302 2.304 2.306 2.308

5

x 10
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Transcriptome Analysis  Quantitation

Quantitation of Transcripts =l

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

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

» Exploiting additive nature of the read coverage

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

(Wi, ...,wr) = argmmz Ry —ZWtDtp ,

Wi, wr20 =2
with

» P: set of considered genomic positions

» R,: observed read coverage (number of reads covering pos. p)

» D, ,: expected read coverage for transcript t at position p
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Transcriptome Analysis  Quantitation

Quantitation of Transcripts fml
Different approaches rely on similar basic ideas with different models

of how to use read count differences and optimization techniques:
» Poisson distributions [Jiang and Wong, 2009]

» Absolute differences using a flow-network [Sammeth, 2009a]

» Squared differences using quadratic programming  [Bohnert et al., 2009]

Other methods: [Lietal, 20102], [Richard et al., 2010, [Trapnell et al., 2010]
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Transcriptome Analysis  Quantitation

Quantitation of Transcripts

Different approaches rely on similar basic ideas with different models

of how to use read count differences and optimization techniques:
» Poisson distributions [Jiang and Wong, 2009]

» Absolute differences using a flow-network [Sammeth, 2009a]

» Squared differences using quadratic programming  [Bohnert et al., 2009]

Other methods: [Lietal, 20102], [Richard et al., 2010, [Trapnell et al., 2010]
Problems:

» Abundances cannot unambiguously be determined with single
end reads, better chances with paired ends [Lacroix et al., 2008]

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

» Read coverage is not uniform over the transcript
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Transcriptome Analysis  Quantitation

RNA-Seq Biases and Quantitation
wion

RT =
l mRNA

sequence library

== » Sequencing
| <—</RT » Read mapping

fragmentation

Biases due to ...

» cDNA library construction

sequenced reads

% 80
©
) o 60
>
S 40
enome -g
g g
transcripts
relative transcript position 5’ -> 3’
£ exonicteads (average over annotated

junction read

transcripts of length ~1kb for the
C. elegans SRX001872 dataset)
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Transcriptome Analysis  Quantitation —

RNA-Seq Biases — Publications

fml

» Transcript length bias [Oshlack and Wakefield, 2009]

» Bias in small RNA sequencing [Linsen et al., 2009]

» Sequence bias in Illumina sequencer [Dohm et al., 2008]
» Biases in nucleotide composition induced by random hexamer

priming [Hansen et al., 2010]

» Modeling non-uniformity [Li et al., 2010b, Bohnert et al., 2009]
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Transcriptome Analysis  Quantitation

rQuant — Basic Idea

Short transcript

read coverage

relative transcript position 5’ -> 3’
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Transcriptome Analysis  Quantitation

rQuant — Basic Idea

Short transcript

read coverage

relative transcript position 5’ -> 3’

Long transcript

read coverage

relative transcript position 5’ -> 3’
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Transcriptome Analysis  Quantitation

rQuant — Basic Idea

Short transcript

[

()]

o

[

>

o

)

e

©

(]

g

genome position 5" -> 3’
Long transcript

o —_—

()]

o

(%

>

o

v

e

©

g —3B

genome position 5’ -> 3’
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Transcriptome Analysis  Quantitation

rQuant — Basic Idea

Short transcript

[
()]
o
[
>
[e]
)
b Mixture of transcripts
g
&
genome position 5" -> 3’ g
>
S
Long transcript o
(]
=2 e 7 ’
g genome position 5" -> 3
>
o
v
® A —M
g —3B

genome position 5’ -> 3’

Mp = WADA,p + WBDB,p
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Transcriptome Analysis  Quantitation

rQuant — Basic Idea

Short transcript

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

genome position 5’ -> 3’

Mp = WADA’p + WBDB,p = minWA,WB Zpé (Mp, Rp)
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Transcriptome Analysis  Quantitation —

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)

gene AT1G01240
chromosome 1, forward strand

99960 100368 100776 01184 101592

read counts.
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Transcriptome Analysis  Quantitation

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)

gene AT1G01240
chromosome 1, forward strand

ATIG01240.1 s . 2720
1o 1178
99960 100368 100776 01184 101592

read counts.

27.20
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Transcriptome Analysis  Quantitation

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)

gene AT1G01240
chromosome 1, forward strand

ATIGO12402 — N oo I - 480

1178

ATIG01240.1 o . 2720
o m
om0 To0ass w0778 oLiss ous
o
0
50
£ a0
g
3
3 s
2 27.20
20
10
480
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Transcriptome Analysis  Quantitation

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)

gene AT1G01240
chromosome 1, forward strand
ATIG012403 — I - 600
D
ATIGO12402 — N s I - 480
190 178
ATIG012401 s © 2720
o 178
o596 100368 10076 10184 wisn
70
60
50
£ a0
S
3
FEEY
€ 2720
20
10
S 600
AVLM 4.80
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Transcriptome Analysis  Quantitation

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)

gene AT1G01240
chromosome 1, forward strand
ATIG012403 — I - 600
D
ATIGO12402 — N s I - 480
190 178
ATIG012401 s © 2720
o 178
o596 100368 10076 10184 wisn
70
60
50
£
H 3800
3
FEEY I
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o i
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A 600
AVLM 4.80

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 60 / 168



Transcriptome Analysis  Quantitation

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)
2. Optimize profile weights: min, > £ (>, w:D: ,, Rp)

gene AT1G01240
chromosome 1, forward strand
ATIG01240 3 — - 00
Vo1
ATIG012402 —— ™ . 480
1 i
ATGO2i01 o N - 2720
o Vi
000 To03es oa776 ovse oussz
7 =
) H
s
3
50
£ a0
H 3800
3
3 I . 0 50 200 450 800 1250 1800 2450 -2450-1800-1250 800 450 200 50 O
v ' distance to transcript start/end
20
10
| A 600
[V o &80
(RN 4 NS S S S
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Transcriptome Analysis  Quantitation

rQuant — lterative Algorithm

1. Optimize transcript weights: miny > £ (3, w:Dep, R,)
2. Optimize profile weights: min, > £ (>, w:D: ,, Rp)
3. Repeat 1. and 2. until convergence.

gene AT1G01240
chromosome 1, forward strand

ATIGO1240.3 — N - 95
=
AT1G01240.2 ——] 436 |+ 835
ATIGOI2401 — s N - 2399
0 [ - s
70
o

profile weight

£ 40
H 3729
3
g 30 0 50 200 450 800 1250 1800 2450 -2450-1800-1250 -800 450 ~200 ~50 O
Y 2399 distance to transcript start/end
20
10 835

_— 495
ol B
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Transcriptome Analysis  Quantitation

rQuant Evaluation | =fm|

Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
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Transcriptome Analysis  Quantitation —

rQuant Evaluation |

fml
Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
compared to

» Position-wise, without profiles
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Transcriptome Analysis  Quantitation —

rQuant Evaluation | fml

Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
compared to

» Position-wise, without profiles

» Segment-wise, without profiles (e.g., Jiang and Wong [2000] )
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Transcriptome Analysis  Quantitation —

rQuant Evaluation | fml

Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
compared to

» Position-wise, without profiles
» Segment-wise, without profiles (e.g., Jiang and Wong [2000] )

» Segment-wise, with profiles (e.g., Flux Capacitor [Sammeth, 20092])
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Transcriptome Analysis  Quantitation

rQuant Evaluation |

fml
Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
compared to

» Position-wise, without profiles
» Segment-wise, without profiles (e.g., Jiang and Wong [2000] )

» Segment-wise, with profiles (e.g., Flux Capacitor [Sammeth, 20092])

Estimate transcript abundances
» Using simulated data for A. thaliana (Flux Simulator [Sammeth, 2009b])

» Subset of alternatively spliced genes
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Transcriptome Analysis  Quantitation

rQuant Evaluation |

fml
Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
compared to

» Position-wise, without profiles
» Segment-wise, without profiles (e.g., Jiang and Wong [2000] )

» Segment-wise, with profiles (e.g., Flux Capacitor [Sammeth, 20092])

Estimate transcript abundances
» Using simulated data for A. thaliana (Flux Simulator [Sammeth, 2009b])

» Subset of alternatively spliced genes

Evaluation: Spearman correlation between
» Simulated RNA expression level and

» Predicted transcript weights
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Transcriptome Analysis  Quantitation

rQuant Evaluation Il
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Transcriptome Analysis  Quantitation
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Transcriptome Analysis  Quantitation

rQuant Evaluation Il
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Transcriptome Analysis  Quantitation

Transcriptome Variation Studies

dot10.1038/nature 08903

LETTERS

Transcriptome genetics using second generation
sequencing in a Caucasian population

Stephen B. Montgomery Micha Sammeth®, Maria Guherrez Arcelus', Radoslaw P. Lach?, Catherine Ingle?,
James Nisbett’, Roderic Gulgo & Emmanouil T. Dermitzakis"*

[Montgomery et al., 2010]

dok10.1038/nature 08872

LETTERS

Understanding mechanisms underlying human gene
expression variation with RNA sequencing

Joseph K. Pickrell!, John C. Marioni', Athma A. Pai', Jacob F. Degner', Barbara E. Engelhardt?, Everlyne Nkadori'?,
Jean-Baptiste Veyrieras', Matthew Stephens™, Yoav Gilad' & Jonathan K. Pritchard'

[Pickrell et al., 2010]
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Transcriptome Analysis Differential expression analysis

Testing for differential
gene expression
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Transcriptome Analysis Differential expression analysis

Differential Gene Expression

Idea: Count reads mapping to a gene in two different samples
Problem: Which count differences are significant?

Test for differential gene expression between two conditions by

» Model distribution of reads from one gene by a gamma-mixture
of Poisson distributions

» Variance is considered to be a function of the mean which is
estimated by a local regression on all genes in all replicates

» P-values are obtained by using a standard conditional test

[Anders and Huber, 2010]
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Transcriptome Analysis Differential expression analysis —

Differential Transcript Expression

fml

How can we determine differential expression of alternative transcripts?

Condition A M
Coverage

M MWWW\ S
coens 1 || W W v
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Transcriptome Analysis Differential expression analysis

Differential Transcript Expression fml

Tests for differential transcript expression between two conditions:

» Fully known transcript annotation:
» Transcript quantitation and subsequent testing

» Statistical test on read counts in differential regions [stegle et al., 2010]
» Incomplete or missing transcript annotation

» Non-parametric Maximum mean discrepancy test on a genomic
region [Stegle et al., 2010]
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Poisson Test on Differential Regions

Condition A
Coverage

Condition B

Gene
structure

M
)
(3)
(4)

Regions

Transcriptome Analysis Differential expression analysis —

Wﬂ ! MWY"\ "
i AW m Lw w W WV

» Considers only regions where differential “expression” can occur

» Models read counts in those regions by Poisson distributions

» P-values are obtained by using a standard conditional test and
Bonferroni-correction

(@© Gunnar Ratsch and Ali Mortazavi
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Transcriptome Analysis Differential expression analysis

Maximum Mean Discrepancy Test

fml

When the set of transcripts is incomplete or not available, use the
Maximum Mean Discrepancy (MMD) test

[Stegle et al., 2010, Gretton et al., 2007]

» Test whether the read distributions in a region are the same
» No assumptions on the distribution of reads in a region

» Useful to detect differential expression of yet unknown
transcripts (e.g., alternative splicing, transcription starts, etc.)

Gene:C40H1.6 Gene:B0025.2.1
Chromosome Il + Chromosome | +

Young

adult
Coverage v—
L u
L
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Transcriptome Analysis Differential expression analysis

Comparison of Differential Expression Detection

fml

Results on simulated expression and read data [scge et oI, 2010)

0.7 1 T

09t
0.6F
0.81
05 8 o7
S
2 n
© 806
0 04
2 g
3 € o5l
g 2
g03 G 04t
2 g
S 03l
0.2 =

0.1 — Poisson Region| 01 — Poisson Region|
— Poisson Quant —— Poisson Quant
MMD 0 ‘ ; —MMD
0 107 107" 10t 10°
False positive rate # differential reads

» Poisson Region: Poisson test on differential regions
» Poisson Quant: Quantitation with subsequent Poisson test
» MMD: Maximum Mean Discrepancy test
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Transcriptome Analysis Transcript Reconstruction

Transcript ReconstructionJ
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Transcriptome Analysis  Transcript Reconstruction

Common RNA-Seq Analysis Steps
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Transcriptome Analysis Transcript Reconstruction

Transcript ldentification Strategies

» Segmentation strategies: Based on read coverage only
— Little assumptions
— Find non-coding transcripts
— Differential expression

» Trade-off read information with genomic sequence features
— Find comprehensive set of genes
— More accurate due to additional information

Methods:
» G.Mo.R-Se (threshold based exon identification)
» mTIM (“advanced thresholding”)
» mGene.NGS (gene finding with RNA-seq)
» Cufflinks, Scripture (genome-guided assembly)
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Transcriptome Analysis

G.Mo.R-Se Splice Graph Reconstruction

1. covtig construction

2. candidate exons

Segmentation Strategies

3. junction validation

genome

mappead
reads
coverage
depth
Threshald

unmapped reads word dictionary

varky ward s axshincs
In the detonary

covtigs

B
forward and reve)
X0

validated
junction

rse candidate
5

4. graph of candidate exons linked by validated junctions

-,\ - ,\- -‘. ...‘H-"-(l\\- -‘.“\-
- ”. - « CERR o S N o
e - - - " ;
S Open Reading Frame

5. model construction and coding sequence detection

G-Mo.R-5¢ models

M e - U5
" e

I e e
e

Real transcripts

Ts

T
T -

e e e ———

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

Transcriptome Analysis

Segmentation Strategies

Goal: Characterize each base as intergenic, exonic, or intronic

read coverage (log-scale)
o

—
o
o

10 A

(@© Gunnar Ratsch and Ali Mortazavi
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Transcriptome Analysis ~ Segmentation Strategies

mTiM: Read Coverage Segmentation

Goal: Characterize each base as intergenic, exonic, or intronic
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Transcriptome Analysis ~ Segmentation Strategies

mTiM: Read Coverage Segmentation

Goal: Characterize each base as intergenic, exonic, or intronic

annotated gene
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Transcriptome Analysis ~ Segmentation Strategies

The mTiM Segmentation Approach

) ) ()
@ 6 0

intergenic exonic intronic

» Learn to associate a state with each position given its read
coverage and local context

(G. Zeller et al., Pac. Symp. Biocomp., 2008; G. Zeller et al., unpublished, 2010)

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 76 / 168



Transcriptome Analysis ~ Segmentation Strategies —

The mTiM Segmentation Approach

() () )
@ 6 0

mtergenlc exonic intronic
' 4
05 02 08
. : .
& 02 0t
o
g s 04 o
g - 8 o
L
Y 08 0z
as E .
5 6 7 6 8 10 1 12 1 1 s 6 7 8 o w0 i 2 1 4 s s 7 8 8 10 1 2 1@ 1
read coverage read coverage read coverage

» Learn to associate a state with each position given its read
coverage and local context
» HM-SVM training: Optimize transformations: signal — score

(G. Zeller et al., Pac. Symp. Biocomp., 2008; G. Zeller et al., unpublished, 2010)
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Transcriptome Analysis ~ Segmentation Strategies —

The mTiM Segmentation Approach

Q. Q @m0
e« . ©

intergenic exonic intronic

-2

feature score

s 08 -2

o ~
5 6 7 8 © 10 1 12 13 14 5 6 7 8 8 10 11 12 13 14 5 & 7 8 8 10 11 1z 13 14

read coverage read coverage read coverage

» Learn to associate a state with each position given its read
coverage and local context

» HM-SVM training: Optimize transformations: signal — score

» Extension: Score spliced reads and splice sites

(G. Zeller et al., Pac. Symp. Biocomp., 2008; G. Zeller et al., unpublished, 2010)

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 76 / 168



Transcriptome Analysis ~ Segmentation Strategies

The mTiM Segmentation Approach

fml

Idea: Assume uniform read coverage within exons of same transcript

annotated genes

@

[
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Transcriptome Analysis ~ Segmentation Strategies

The mTiM Segmentation Approach

Discrete
expression level

1

-
cii:je
g

OC.DG 2

Tomg .

intergenic exonic intronic

Carry “expression level” information between exons of same transcript

(G. Zeller et al., Pac. Symp. Biocomp., 2008; G. Zeller et al., unpublished, 2010)
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Transcriptome Analysis ~ Segmentation Strategies

Preliminary Evaluation (C. elegans)

CDS (precision+recall)/2

0.7
= mTiM |
0.6 1
05 ]
041 1
0.3f 1
0.2r ]
0 | | I | | | | | | | |
10 20 30 40 5 60 70 8 90 100

expression percentiles [%]
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Transcriptome Analysis ~ Segmentation Strategies

Gene Finding

Protein

» Given a piece of DNA sequence
» Predict proteins (or non-coding RNAs)
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Transcriptome Analysis ~ Segmentation Strategies

Gene Finding fml

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

» Given a piece of DNA sequence
» Predict the correct corresponding label sequence with labels
“intergenic”, “exon”, “intron”, "5 UTR", etc.
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Transcriptome Analysis ~ Segmentation Strategies

Computational Gene Finding

DNA Tss polyA/cleavage
Splice Splice Splice Splice
pre-m RNA Donor Acceptor Donor Acceptor
mRNA TIS Stop
A A
@ ./ . polyA —
Protein
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Transcriptome Analysis ~ Segmentation Strategies

Computational Gene Finding

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop

Protein
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Computational

TSS

Transcriptome Analysis

Gene Finding

Segmentation Strategies

Donor Acceptor

TIS

Donor A

ptor  polyA/cleavag

Stop

mRNA
polyA —
Protein
I
TSS TIS »( stop
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction | = 1|

genomic position

True genemocel I I\ I

STEP 1: SVM Signal Predictions
tss ot droon o1 lia i 1

genomic position
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction |

genomic position

True genemocel I I\ I

STEP 1: SVM Signal Predictions

tes e i o1 b s 1
us | I L1

ace L1 . | | |
don | il | |
stop

transform features

STEP 2: Integration

Flxy)

genomic position
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction |

genomic position

True genemocel I I\ I

Wrong gene model ] . 1=
STEP 1: SVM Signal Predictions

tes e i o1 b s 1

us | I L1

ace L1 . | | |

oo | il | |

stop

transform features
STEP 2: Integration

VV

Y I large margin
Fxy) Y —

genomic position
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction |

position

True gene model I~ — I\ =

Wrong gene model [N I I —
STEP 1: SVM Signal Predictions
Lo I TR U T T T R P Y B
tis | | |
e L . I | I
don | i | |
ke | o[

Expression Evidence

T||||‘|||||‘I“|||

transform SVM outputs with PLiF

STEP 2: Integration

score
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Preliminary Evaluation (C. elegans)

CDS (precision+recall)/2
0.7

061" [ mGene ab initio ]

== mGene.ngs
0.5F i

0.4 .

0.3

0.2

0.1

| |
0 10 20 30 40 50 60 70 80 90 100

expression percentiles [%]
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Preliminary Evaluation (C. elegans)

CDS (precision+recall)/2
0.7

== mTiM
061 | ma mGene ab initio 7
== mGene.ngs

0.5F i

0.4 .
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Digestion

» mGene.ngs and mTiM predict single transcripts
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Transcriptome Analysis Learning to Predict mRNA Transcripts [

Digestion fml

» mGene.ngs and mTiM predict single transcripts

» mGene.ngs uses more assumptions on structure of transcripts

» mTiM exploits “uniformity” of read coverage among exons of
same transcript
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Transcriptome Analysis Learning to Predict mRNA Transcripts [

Digestion fml

» mGene.ngs and mTiM predict single transcripts

» mGene.ngs uses more assumptions on structure of transcripts
» mTiM exploits “uniformity” of read coverage among exons of
same transcript

» Alt. Transcripts: Spliced reads for splicing graph completion:

Transcript prediction

(result of mGene/mTiM) [ | [ | | [

Spliced reads -/\.
(result of QPALMA) -/\. -/\.
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Transcriptome Analysis Learning to Predict mRNA Transcripts [

Digestion fml

» mGene.ngs and mTiM predict single transcripts

» mGene.ngs uses more assumptions on structure of transcripts
» mTiM exploits “uniformity” of read coverage among exons of
same transcript

» Alt. Transcripts: Spliced reads for splicing graph completion:

Transcript prediction
fesutoimeenomtiy D D

Inferred edges I
Spliced reads '/\'
(result of QPALMA) '/\. '/\'
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Transcriptome Analysis Learning to Predict mRNA Transcripts [

Digestion fml

» mGene.ngs and mTiM predict single transcripts
» mGene.ngs uses more assumptions on structure of transcripts

» mTiM exploits “uniformity” of read coverage among exons of
same transcript

» Alt. Transcripts: Spliced reads for splicing graph completion:

Transcript prediction

(result of mGene/mTiM) [ | [ I D [

Inferred edges e -

Spliced reads ./\.
(result of QPALMA) -/\. ./\.

» Paths through splicing graph define alternative transcripts
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Transcriptome Analysis Learning to Predict mRNA Transcripts

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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Transcriptome Analysis Learning to Predict mRNA Transcripts

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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Transcriptome Analysis Learning to Predict mRNA Transcripts

Partially ordering mates

+ alignment x £ y when

— x starts to the left of
y in the reference

— x and y overlap
consistently . . S
— yis not contained in x

* 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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Transcriptome Analysis Learning to Predict mRNA Transcripts

Path cover of the DAG

</<\'

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Path cover of the DAG

e
-

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

Learning to Predict mRNA Transcripts

Transcript assembly via Dilworth’s theorem

Construct DAG on

Express DAG transitive

Maximum matching on

Chain decomposition
from matching

Cover of alignments
from chains

alignments closure as bipartite graph BP graph
4] 5
@ ereeee 2 ®
° 7 e = =
oolsp = i
% ——— p——
G ....... > o

Transcripts from cover

(@© Gunnar Ratsch and Ali Mortazavi
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Dilworth’s Theorem

« Definition: In a partially ordered set of
alignments, an antichain of alignments
is a subset where no two alignments
could have come from the same
transcript

« Theorem: The size of the /argest
antichain is the minimum number of
transcripts we need to explain the

alignments

R.P. Dilworth, “A Decomposition Theorem for Partially Ordered Sets”, Annals of
Mathematics, 1950, 51: 161-166.

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis Learning to Predict mRNA Transcripts

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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Transcriptome Analysis Learning to Predict mRNA Transcripts

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?
Twol!

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Chains

From chain decomposition

of alignments... ... build transcript assemblies
- - S
=i I
—
e -=
_—— -

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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Transcriptome Analysis Learning to Predict mRNA Transcripts

Phasing splicing events

Paired end alignment

—r— [ —
B

alternative first long constitutive alternative last
exon exon exon

Two parsimonious assemblies of these splicing event outcomes. The
maximum cardinality matching may not be unique.

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Phasing splicing events

- c -
B c

OR

— C
- —

Two parsimonious assemblies of these splicing event outcomes. The
maximum cardinality matching may not be unique.

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Phasing splicing events

Can use coverage on exons and splice junctions to phase splicing
events, via min cost bipartite matching, instead of max cardinality.

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Transcriptome Analysis Transcript Assembly

Transcript Assembly )
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Transcriptome Analysis  Transcript Assembly

Common RNA-Seq Analysis Steps
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Transcriptome Analysis  Transcript Assembly

RNA-seq

lllumina sequencer ~ Sequenced
— - reads

RNA-seq
assembly

(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis  Transcript Assembly

Mapping first approach

(S. cerevisiae case)

S. cerevisiae results:

e Reconstruction of 86%
of expressed genes inferred

(with correct orientation) transcriptome
I I —
e Identification of 254/305

splice junctions - read
. coverage

PN

LSS S S S S y S S

genome
—p PP D

annotation

Yassour et al., PNAS, Jan. 09
(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis  Transcript Assembly

Mabpping first approach

Problems:

e Clear boundaries

e Strand specific libraries
inferred
transcriptome
I I —

e Mapping spliced reads

- read
e Fragmented = a coverage
genomes PN

contigs

<<<g
annotation

(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis  Transcript Assembly

Assembling first approach

assembled units

— - N1 N 1N
] |
infetjred [ ] I
transcriptome
|
genome
O ——
v’ Fragmented
genomes I S E—
I |
contigs
Manfred  annotation =S S oo S S S S SS S

Grabherr
(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis  Transcript Assembly

When should we use the
“assembly first” approach?

@ Highly spliced transcriptome
e Fragmented genome

e Cancer genome

e No sequenced genome

@ Meta genomes

(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis  Transcript Assembly

Ab-initio reconstruction of
S. pombe gene with |2 exons

coverage . . . I. .-

-V +HH-1-EE- R - Y
annotation HHH SPAC12B10.05

transcriptome

A single 76bp read
21bp 33bp can span 5 exons
27bp 14bp

(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis Transcript Assembly

Read Assembly

Problem
Given a set of reads (from genome or transcriptome), find maximally
overlapping parts in order to reconstruct the original sequences

Classical assembly = Too inefficient for NGS reads

1. Overlap phase: Every read is compared with every other read and the overlap
graph is computed

2. Layout phase: Pairs are determined that position every read in the assembly

3. Consensus phase: Multi-alignment of all the placed reads is produced to
obtain the final sequence
New techniques based on de Bruijn Graphs

» Genome assembly: EULER [pevaner et ol 2001], Velvet
[Zerbino and Birney, 2008], Allpaths [Maccalium et al, 2000, SHARCGS
(Dohm et al, 2007], SSAKE/VCAKE (Warren et al., 2007], . ..

» Transcriptome assembly: Oases, Ananas
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http://nbcr.sdsc.edu/euler
http://www.ebi.ac.uk/~zerbino/velvet
http://www.broadinstitute.org/science/programs/genome-biology/crd
http://sharcgs.molgen.mpg.de
http://www.bcgsc.ca/bioinfo/software/ssake
http://sourceforge.net/projects/vcake/
http://www.ebi.ac.uk/~zerbino/oases

=fml

Transcript Assembly

Transcriptome Analysis

Read Assembly - de Bruijn Graphs

Example:
=N
(00g(z0y (029 (11
‘_X

ISMB Tutorial, July 10, 2010 107 / 168

» Number of reads does not influence number of nodes
[Wikipedia]

Functional Genomics with Deep Sequencing

» Reads are mapped as a path in the graph
= Use de-Bruijn graphs to solve the problem

(@© Gunnar Ratsch and Ali Mortazavi



Transcriptome Analysis Transcript Assembly [

de Bruijn Graphs

Exam pIe: de Bruin graph for two reads:
1. TAGACTTATTGACCA

2. TAGACTTATTGCC.....

» Nodes represent k-mers smaller than read length
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Transcriptome Analysis Transcript Assembly

de Bruijn Graphs

Exam pIe: de Bruin graph for two reads:

1. TAGACTTATTGACCA
2. TAGACTTATTGCC.....

ACTGA

TGATT

GATTG

» Nodes represent k-mers smaller than read length
» A k-mer can refer to thousands of reads containing it
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Transcriptome Analysis Transcript Assembly

de Bruijn Graphs

Example:

[Zerbino and Birney, 2008]

» Nodes represent k-mers smaller than read length
» A k-mer can refer to thousands of reads containing it
» Read errors or ambiguities lead to branching of paths
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Transcriptome Analysis Transcript Assembly [

de Bruijn Graphs

Example: &gfz%&
cca
S8 FSEL LYYD
&5 SE35 P05
CTG ATTG 80T
Y10 IOVD S
020 SEE&D &
IV
SF
£
[Zerbino and Birney, 2008]
» Nodes represent k-mers smaller than read length
» A k-mer can refer to thousands of reads containing it
» Read errors or ambiguities lead to branching of paths
» Each node also stores the reverse complement

(@© Gunnar Ratsch and Ali Mortazavi

Functional Genomics with Deep Sequencing
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Transcriptome Analysis Transcript Assembly

Read Assembly - Example

Consider a constructed de Bruijn graph

[Zerbino and Birney, 2008]
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Transcriptome Analysis Transcript Assembly [

Read Assembly - Example

Consider a constructed de Bruijn graph

» Unconnected nodes

[Zerbino and Birney, 2008]

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 109 / 168



Transcriptome Analysis Transcript Assembly

Read Assembly - Example

Consider a constructed de Bruijn graph

» Unconnected nodes

B[ _C

[Zerbino and Birney, 2008]
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Transcriptome Analysis Transcript Assembly [

Read Assembly - Example

Consider a constructed de Bruijn graph
» Unconnected nodes
» Ambiguous paths

[Zerbino and Birney, 2008]
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Transcriptome Analysis Transcript Assembly [

Read Assembly - Example

Consider a constructed de Bruijn graph
» Unconnected nodes
» Ambiguous paths

» Erroneous edges

B | C

Read off genome sequence (if everything goes well ;-)
[Zerbino and Birney, 2008]
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Transcriptome Analysis Transcript Assembly

Results for Genome Assembly =l

Table 3. Comparison of short read assemblers on experimental Streptococcus suis Solexa

reads

No. of Average
Assembler contigs N50 error rate Memory Time Seq. Cov.
Velvet 0.3 470 8661 bp 0.02% 2.0G 2 min 57 sec 97%
SSAKE 2.0 265 1727 bp 0.20% 1.7G 1 h 47 min 16%
VCAKE 1.0 7675 1137 bp 0.64% 1.8G 4 h 25 min 134%

[Zerbino and Birney, 2008]
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Transcriptome Analysis Transcript Assembly

Results for Genome Assembly =fm|

Table 3. Comparison of short read assemblers on experimental Streptococcus suis Solexa

reads

No. of Average
Assembler contigs N50 error rate Memory Time Seq. Cov.
Velvet 0.3 470 8661 bp 0.02% 2.0G 2 min 57 sec 97%
SSAKE 2.0 265 1727 bp 0.20% 1.7G 1 h 47 min 16%
VCAKE 1.0 7675 1137 bp 0.64% 1.8G 4 h 25 min 134%

Considerably shorter fragments for larger genomes

[Zerbino and Birney, 2008]
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Transcriptome Analysis  Transcript Assembly

Easier to reconstruct
highly expressed genes
Highly expressed genes

AR .

| <<y < g covered

SPAC926.08c

Less expressed genes no reads

A b L . { f 98%

covered
T I TS I I R
alpl 500 /0
| 5 s | | covered by a

single path

(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis  Transcript Assembly

Easier to reconstruct
highly expressed genes
Highly expressed genes

AR .

[ << = < Z covered

SPAC926.08c

Use the paired-
Less expressed genes end reads

_‘.‘.‘_‘-‘ J‘-___“_L

I A I IS T I S AT

alpl

_WW, -

(Slides provided by Moran Yassour, Hebrew University and Broad)

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 112 / 168




Transcriptome Analysis Transcript Assembly

Roadmap

ChIP-seq
Introduction
Mapping the reads
Taking Advantage of Directionality

Introduction
Quantitation in biology
The Rise of the Sequencers

Sequence-count.ing Assays Shifting Reads
Important Considerations Motif Finding

Transcriptome Analysis
Motivation Integration
Common Steps and Challenges The Combinatorial Problem
RNA-seq Read Mapping Analyzing Chip-seq Datasets Jointly
Quantitation & Diff. Expression Segmenting the Genome
Transcript Reconstruction Learning Regulatory States
Transcript Assembly Joint Analysis of Chip- and RNA-Seq
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ChlP-seq Introduction

Introduction

* All the ChIP you need to know

* Mapping reads

» Taking Advantage of read directionality
+ Shifting reads

» Motif calling & Gene association
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A digital counting method to score site occupancy
by DNA binding proteins

immunoenrich
reverse crosslink

optional amplification

“Library
Building”

prep for sequencing
sequence

map to genome

(@© Gunnar Ratsch and Ali Mortazavi

size select

i

ChlIP-seq

ChIP-seq

Introduction

crosslink proteins to DNA

shear by sonication

\/
'ﬂl" e 1l'[|'l L

Functional Genomics with Deep Sequencing

size select

sequence

map to genome

control (no antibody)
reverse crosslink

optional amplification

2 Days

prep for sequencing

2 Days
1 Day

ISMB Tutorial, July 10, 2010
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ChlIP-seq Introduction

Chromatin Immunoprecipitation (ChIP4

MeMe =

e
d Enhancer

MeMeMe
Ac

Histone tail modification

MeMeMe MeMeMe

Ac
Promoter ﬁ

-

Gene
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ChlIP-seq Introduction

Chromatin Immunoprecipitation (ChIP4

MeMe =

MeMeMe MeMeMe

2

o

epitope —

Transcription Factors + histones + DNA = chromatin
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ChlIP-seq Introduction

Chromatin Immu

MeMe

noprecipitation (ChIP)

MeMeMe

Me Me
/i \%\

1. Crosslink with formaldehyde

2. Fragment the DNA using sonication or digestion to
an average fragment size of 200 (~ 1 nucleosome)

(@© Gunnar Ratsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 116 / 168



ChlIP-seq Introduction

Chromatin Immunoprecipitation (ChIP4

Me

MeMeMe
C

tibod
anti %

3. Use antibody specific to a factor to retrieve DNA
fragments that are (not necessarily directly) bound.

4. Reverse crosslinks and sequence ends of fragments.
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ChlIP-seq Mapping the reads

B A
©
el
EH
c Analyze
9
Aggregate

and identify

Map reads

contiguous reads
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ChlP-seq Mapping the reads

Mapping the reads

+ Once the sequencer is run, we will get reads that have
possibly been mapped against a genome assembly.
Should you remap the reads ?

+ Each read mapper makes specific assumptions about:

— Read quality & number of mismatches allowed

— Handling of reads that map to more than one place in the
genome

+ Genome build changes can affect read coordinates
drastically

+ These mapping settings affect which signals are
detectable, the so-called “read mappability”.

+ For maximum control, consider remapping from raw
reads
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ChlIP-seq Mapping the reads

&

1ag count

o
T
182367900 182368300

2

e (1

CF W nlena, d-cnMnzeebeTRA

Replicate 1 Control

e Controls

Controf

| . EE—— e SR A B 1M,

wdiction a (Johnson et al, 2007)

182367500 182368500 182369500
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ChlP-seq Mapping the reads

Increasing # of reads improves resolution

30 30
=
3
8
220 a0
2
10 10
-100 =50 -20 0 +20 +50 100 50 -20 0 +20 +50  +100

Distance from summit Distance from summit

1.7 Million reads 6.4 Million reads
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ChlIP-seq Taking Advantage of Directionality

Scale 500 bases.
it | swteorn s9160500 891 s
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ChlIP-seq Taking Advantage of Directionality

Integrate

ion extraction

Aggregate
and identify

Map reads

contiguous reads
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ChlP-seq Shifting Reads

How do we measure the success of a ge
ChIP-seq experiment ? :

» The number of peaks we recover
— Most factors have thousands of binding sites
» What fraction of the reads come from these
peaks
— For a good antibody, 10% would be good
— Hence, most of the reads are from the background!
+ Whether we find an explanatory motif, when
applicable
» Whether the called peaks and discovered
motifs match the existing literature
— Hopefully, the antibody doesn’t cross-react
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ChlIP-seq Shifting Reads

Scale 1 kbl {
chr7: 74517000 74517500 74518000 74518500 74519000 74519500 74520000 74520500

myog6ohreg10158

Mh;la;ci)zclrg 7 L 17% efficiency
Polymerase
Control

e - S s EmmmeLLmE e = =
Better ~ ‘ 20% efficiency
MyOg |P 0.0857 o
‘ll.ln Li . .l].l.l...l- -I l LJL.JM N [ )
| |
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ChlIP-seq Shifting Reads

peak height Summit

Better IP
Weaker IP

Baseline: 10% peak height

Trimmed Region

Binding site e
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ChlIP-seq Shifting Reads

Peak height and signal density correlat4

Peak height vs RPM signal (R~2: 0.98)

2.5F

1.5}

1.0}

log10(Peak height)

0.0

0.0 05 10 15 20 25 30
log10(RPM signal)
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ChlP-seq Shifting Reads

Why do we need a control ?

+ A significant fraction of the signal is coming
from the background.

» Sources of artifacts:

— Mismapping
— Repeats
Scale 500 bases
chra: ‘ 64158500 64'\55000‘ 64159500
20.1363 _
TF ChiP . R
59,5463 _
Control .. -
Pol ChIP N
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ChlP-seq

5 &

O —
@

© Gunnar Ratsch and Ali Mortazavi

Functional Genomics with Deep Sequencing

Shifting Reads

Since lllumina uses
polymerase, we are
always sequencing from
5’ end of fragment (blue or
purple), typically observing
one end of the fragment.
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ChlP-seq

5 &

O —
@

J
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Functional Genomics with Deep Sequencing

Shifting Reads

Since lllumina uses
polymerase, we are
always sequencing from
5’ end of fragment (blue or
purple), typically observing
one end of the fragment.

Static sites should
be visible as blue to
yellow transitions
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ChlIP-seq Shifting Reads

NRSFexp2ChlPSeq
1 l' 1| . | II’ ' i 1 ' " 1

summit

40 RSFexp2
NRSFexp2

0.59

0 NRSFexp1

e
RefSeq Genes
-—
Multiz Alignment & PhastCons Conservation (28 Species,
i et 0 AT R
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(@© Gunnar Ratsch and Ali Mortazavi

ChlP-seq

What is the impact of fragment length 4

The larger the fragments
sequenced, the further
apart

Three general methods:
— Use just raw reads

— Extend reads to be the size of the :

expected fragment length

— Estimate half of the fragment
length size and “shift” the reads
by that amount.

Best strategy depends on

ChIP-seq peak type.

Don't take fragment size for
granted!

Shifting Reads

3501

ChIP-seq Fragment Length Distribution on Hg18

30000]
25000
20000

g
15000,
10000,

5000/

0

Functional Genomics with Deep Sequencing

55bp

200 300 a00 500
fragment length (bp)

Original Gel Cut: 150-300 bp
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ChlP-seq Shifting Reads

Narrow ChIP-seq peaks

Single source such as a Transcription Factor binding site

Scale 200 bases|
chri: 10193000
22301 _

Plus reads

Unshifted reads 01239 pa Ml—-
10822 _ -

TF motif ;

30645 _

Reads shifted by 63 bp A_

|
ABER A L.l a4 BN

0.1239 _
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ChlP-seq Shifting Reads

Multiple sources closer than the average fragment
length are more difficult to resolve

Scale 200 bases

chré: ‘ 81806500 81806600 81806700 SWDSN}: 81806900 81807000 81807100 81807200
33451 _
Unshifted reads ‘ -
01239 _ -
19822 _
Plus reads
0.1239 _

TF mo'[h:_sm : a

Reads shifted by 63 bp “l

PR 1y .l__ S s
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ChlIP-seq Shifting Reads

Medium ChIP-seq peaks

Some active promoter and transcription associated factor.

Scale 5 kb|
chi7: 54105000

54110000|

24,8754 _

Plus reads l
RNA Pol Il 8WG16 o

fopes
\ prem—— prew— v
Y i..ll .

1.4147 _

Plus reads , mm l
Histone H3Kame3 ‘= vninbdlbl 1 y il i

: R o B i
QERTCE SSa f—- - i
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Can either shift or extend
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ChlIP-seq Shifting Reads

Broad ChIP-seq peaks

Some repressive chromatin histone modification marks

Scale 200 kb}
chrz21: 331 UUUOO‘ 33200000' 33300000 33400000 33500009‘ 33500000|
29734 _

CTCF

0.0124 _| IMMJ u....WJLMMJMMJHL]M....Jh. i o e e e bl o J.Im.u.lu.lluLhmuﬂ..lhhummk ILLLII‘H
0.7519

H3K27me3 ‘ _ WL
0.0065 _  fuulul bad i s WMMIMMMW ! il ok ml“hl ‘
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cziortss [fifHH IL10RB f-{HH
Cc21orte6 (]
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No benefit to shifting or extending - use a sliding window
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ChlIP-seq Shifting Reads

c| Integrate

U

©

©

£ ‘ Associated genes ]

o

c Analyze

O

: ‘ motif finding }
Aggregate

and identify

Map reads

contiguous reads
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ChlP-seq Shifting Reads

Finding motifs

* Once we have regions and summits, we can
retrieve the associated DNA and run them
through a motif finder such as Meme to discover
one or more motifs.
+ Can limit ourselves to +/- 50 bp from summit
+ If there are large numbers of site, consider
stratifying, using peak height or peak total signal
for ranking, e.qg:

— 1000 regions with high signal

— 1000 regions with medium signal

— 1000 regions with low signal

Rescan all regions with discovered motifs
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ChlIP-seq Motif Finding

How close is the motif to the summit 4

Residual = midpoint of motif - summit

residual vs rank (R"2: 0.00)

residual

| NRSF motif size

2000

The summit is typically less than 30 bp
from the explanatory motif
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HepG2 NRSF

residual vs rank (R"2: 0.00)

ChlIP-seq

K562 CTCF BROAD1 K562 CTCF BROAD2

vesidual vs rank (R*2: 0.00)

Motif Finding

residual vs rank (82 0.00)

.
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residusl vs rank (R*Z: 0.00)
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residual vs rank (R*2: 0.00)

residual vs rank (R~2: 0.60)

18bp

- 75bp
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ChlP-seq Motif Finding

Associating genes with peaks

* Two simplest strategy are:
— Nearest gene within a radius
— All genes within a radius
+ Different factors are more or less bidirectional

* Biggest problem is to assign binding at candidate
distal enhancers

— Enhancer for one gene could be in the intron of
another gene

— Binding site that is far from a known gene could really
be in the promoter of an unknown transcript.
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ChlP-seq Motif Finding
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ChlP-seq Motif Finding

Roadmap
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Integration The Combinatorial Problem

Introduction

* The combinatorial problem

* The gene assignment problem

» Analyzing multiple ChIP-seq datasets jointly
+ Segmenting the genome

* Learning regulatory states

+ Joint Analysis of ChlP-seq and Analysis

* An example: Analysis of ChlP-seq and RNA-seq data
using Self-Organizing Maps
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Integration The Combinatorial Problem

The combinatorial problem

+It is now relatively easy to generate

dozens of ChIP-Seq and/or RNA-Seq o' 136185000 st mropac 12000
for a biological sample of interest B
and to analyze them singly. 0 6e o1z ban A
o y a»ls.-l. Genes
The problem is exponentially more 3
difficult as we analyze multiple i
datasets across multiple timepoints ~ ecros e
and/or cell types
« many custom methods, few tools
Given N factors, each of which could ..o e
have M states, then each region of e 20Way Mllz Rineni & Cocamion
. Mammal Cons L& [ ROy dia o n [
the genome could be in any of
M N states.
k

— Which are the interesting ones ?
— What are the region boundaries ?
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Integration

The Combinatorial Problem

The gene assignment problem

Gene boundaries are the

natural boundaries for
annotation.

— Distance from TSS is a

popular representation

But gene loci come in all
sizes (1 kb - 1 Mb), so
such display require
gene-part binning.
Unfortunately, cis-
regulatory elements do
not necessarily regulate
the nearest gene

Percent reads across region =

Functional Genomics with Deep Sequencing

— BWG16
— CIDs5
= CTDS2

downstream

3 kb 10 kb
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Integration Analyzing Chip-seq Datasets Jointly

Analyzing multiple ChIP-seq
datasets jointly

Most integrative analyses boil down
to:

1. Determining the boundaries of
regions

2. Scoring the datasets over
these regions

3.  Using statistical or machine
learning techniques to discover
combinations of patterns
1. Supervised (e.g. on TSS)

2. Unsupervised

4. Analyzing those combinations
for functional significance "
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Integration Segmenting the Genome

Segmenting the genome

« Segmentation can be straightforward fixed-length segments:
— Fixed distance to TSS
— Every 1kb
« Alternatively, the algorithms are designed to learn variable length
segmentation, often with a minimum size constraint:
— Sliding window with threshold
— Hidden Markov Models

— Segmentation based on ChIP-seq peaks and a normalized density
measurement (e.g. RPKM)

Regions

Segments

l

Not segmented &'

b 4

PAORN,
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Integration Learning Regulatory States

Learning regulatory states

Once we have scored segments, we would like to
identify sets of recurring signal combinations:

— For supervised approaches, we provide a training set with
state labels and derive a classification rule that we apply to
the rest of the data.

— For unsupervised HMM-based approaches, we simply need
to look at the states

— For other approaches, we need to apply a clustering method.
The clusters will be our states.
Once we have identified states of interest, we can
analyze them for interesting patterns, such as:
— Enrichment or lack-thereof in relation to gene body
— Relation to gene expression / gene function / gene ontology
— Relation to other states (transition probabilities in HMM)
— Motif enrichment
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Integration Joint Analysis of Chip- and RNA-Seq

Joint Analysis of ChIP-seq and RNA-seq

» ChIP-seq measures the input into transcription

« RNA-seq measures the (steady-state) output of
transcription

» Can we analyze them jointly to learn the rules of
transcriptional regulation ?

FHL3
a 2 kb b
v
. B 60 Y
Cuﬂhnks[ B A 7
assembly E 40 2
TAF1{ | E ol 3
R S S— NU—
RNA POHJ[ L od
" i A : i
RefSea[ B “ l.h -24 60 120 168
Time (h)
FTUTE,
S
- }
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Integration Joint Analysis of Chip- and RNA-Seq

Self organizing maps (SOM)

An unsupervised learning technique for clustering high dimensional
data that preserves and represents topographical relationships

blog.peltarion.com

The big idea: data that is close in the input space is

close in the output space T
;99
Ty
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Integration Joint Analysis of Chip- and RNA-Seq

Training the units in the SOM

Consider each segment vector
one at a time

/ / 3 ;.:c.o ’ winner

Y Choose a “winner” map
oe® ] it that

unit that is closest to the

current input
Iterate until @
converged

Afterthemaphas | Q Q Q ® ‘ . .

Adjust the winning map
converged to an O0O0\e @ unit weights and those as
organized state, well as those of vectors
mgp additional ©000g .. . @ . in the topographic
datasets onto the O O 0 neighborhood
map.

TR,
8
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Integration Joint Analysis of Chip- and RNA-Seq

Genomewide SOM Analysis pipeline

Call enriched regions in histone modification ChiP-seq
45 datasets (6 cell lines)
Segment the genome based on these marks
1.8 million segments
Train SOM on chromatin dataset
20 million timesteps / trial
Score additional datasets on SOM
1 250 datasets (7 cell types)
Derive additional maps (intersects, subsets)

—
/ 1 RS »
Gene Motif Functional R
Ontology Analysis Assays
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Integration Joint Analysis of Chip- and RNA-Seq

Segments / unit

* 40x60 toroid map

3000

2500

* “no boundaries”

* The distribution of
segments per units and
nucleotides is uneven

2000

1500

1000

500

» Segments with little

signal are aggregated in ;g )
few units - g
* The bulk of the units are 'ﬁ'f, ¥ o
finely parsing signal e F&z - b
changes ™ - ]
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Integration Joint Analysis of Chip- and RNA-Seq
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Integration Joint Analysis of Chip- and RNA-Seq

Subtracting maps
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Integration Joint Analysis of Chip- and RNA-Seq
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Integration Joint Analysis of Chip- and RNA-Seq
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Integration Joint Analysis of Chip- and RNA-Seq

Zooming into the units

go0006955.map

« Gene Ontology
— Run go analysis on
each unit
— 520 significant GO
terms
 We can also mine GO Immune Response
each unit for motifs Enriched
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Integration Joint Analysis of Chip- and RNA-Seq

Summary
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