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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 2 / 168



Introduction Quantitation in biology
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 11 / 168



Introduction Sequence-counting Assays

Illumina and SOLiD
Sequencing Technologies
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Introduction Sequence-counting Assays

Illumina Sequencing fml
I Solexa released a sequencing machine in 2006
I Fragment sizes from 28− 100
I Probes are fixed to a glass plate “flow cell”
I Reagents are directed through flow cell

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

Illumina Sequencing fml
Step 1 - 3

I sample preparation: randomly fragment genomic DNA and ligate adaptors
to both ends of the fragments

I attach DNA (probes) to surface

I bridge amplification

[Illumina]
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Introduction Sequence-counting Assays

Illumina sequencing fml
Step 4 - 6

I synthesize second strands, fragments become double-stranded

I denature single-stranded samples

I after several cycles clusters are ready for sequencing

[Illumina]
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Introduction Sequence-counting Assays

Illumina sequencing fml
Step 7 - 9

I determine first base

I image first base

I determine second base

[Illumina]
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Introduction Sequence-counting Assays

Illumina sequencing fml
Step 10 and 11

I image second chemistry cycle

I sequence reads over multiple chemistry cycles

[Illumina]
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Introduction Sequence-counting Assays

SOLiD Sequencing fml
I Sequencing by ligation: Fragments ligated to “beads”

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

I Beads are deposited onto a glass slide

I Di-base probes compete for ligation to the sequencing primer
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Introduction Sequence-counting Assays

SOLiD Sequencing - Color Space fml
I 4 fluorescent dyes for 16 possible 2-mers

I Reverse, complement and reverse complement are always of
same color
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Transcriptome Analysis Motivation

Transcription & RNA Processing in Eucaryotes fml
I Newly synthesized

pre-mRNA is
capped.
[CBP20 & CBP80:

cap-binding proteins]

I Introns are spliced
from pre-mRNA.
[U1, U2, U4-6:
spliceosome

SF1, U2AF, SR proteins:

splicing factors]

I 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 fml
I Characterize an organism’s full complement of genes

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

I Characterize transcript isoforms

⇒ Find new alternative splice forms / transcript ends

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

⇒ Identify significant expression changes

I Understand transcriptome regulation

⇒ Knock-out / knock-down analysis of regulators

 Identify regulated targets with significant expression changes

⇒ Identify binding sites used in regulation (e.g. ChIP-seq)
⇒ QTL-Mapping of transcriptome-phenotypes
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Transcriptome Analysis Motivation

RNA Transcripts and Library Preparation fml

There are many different kinds of RNAs:

I Protein-coding mRNAs

I Noncoding RNAs
I Structural RNAs (e.g. rRNAs, tRNAs, . . .)
I Small RNAs (e.g. miRNAs, endogenous siRNAs, . . .)
I Antisense / promoter-associated transcripts
I . . .

Analysis of biological sample starts with sample/library preparation.

Depending on which RNAs should be targeted, different preparation
strategies have to be used.
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Transcriptome Analysis Motivation

Sample/Library Preparation Choices fml
Directly sequencing total-RNA is suboptimal in most cases:

I rRNA, tRNAs constitute the largest fraction of RNA (> 90%)

Sample preparation choices:

I ribo-minus (rRNA depletion, if it works)

I oligo-dT (selection of poly-adenylated transcripts),

I exonuclease treatment (degrade 5’-P RNAs)

Library preparation options (depend on sequencing technology)

I Strand information

I paired end, mate-pair sequencing

Most of these steps distort RNA transcript concentrations.
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Transcriptome Analysis Motivation

RNA-Seq Biases fml

Sequencer sequenced reads
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Transcriptome Analysis Common Steps and Challenges

Common RNA-Seq Analysis Steps fml
RNA-Seq

Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments
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Transcriptome Analysis Common Steps and Challenges

RNA-seq Read Analysis I fml
Given read data, the following analysis steps are possible:

I Assembly
⇒ generate contigs

I Mapping/Alignments
⇒ map/align reads back to a known genome

I Quantification of transcripts
⇒ Estimate abundances for alternative splice forms

CCGTTT TATTTTTT
TCTAAG AGATAAA

 CTCTGTA TGACTC

ACGTACCGTTTGACTCTAGTATCTTCTAGTAGATATTTTTTTTTTAGATAAAA

 

Assembled genome

Reads

?

magic

??

?

?

?

?

?

?

 CTCTGTA

TATTTTTT

AGATAAA

CCGTTT

CCGTTT

[Sutskever, 2008]
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Transcriptome Analysis Common Steps and Challenges

RNA-seq Read Analysis I fml
Given read data, the following analysis steps are possible:

I Assembly
⇒ generate contigs

I Mapping/Alignments
⇒ map/align reads back to a known genome

I 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 II fml
I Experiment leads to millions of reads 36− 100nt
I Reads may have a position-wise varying quality

I Quality corresponds to error probability:

q = −10 · log10(
p

1− p
)

I Example: If we have an error probability of 10−3 per base then
the quality is 30
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Transcriptome Analysis RNA-seq Read Mapping

RNA-seq Reads Analysis - Mapping fml
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.

I Global/local alignment of all reads prohibitive
I A read stems from a certain small region
I Find this region and then do an alignment

I (Spaced) seeds I Suffix trees/arrays I Burrows-Wheeler

I Common tools: bowtie [Langmead et al., 2009], bwa [Li and Durbin, 2009, 2010],
GenomeMapper [Schneeberger et al., 2009a], Shrimp [Rumble et al., 2009],
SOAP(2) [Li et al., 2009], VMATCH, MAQ [Li et al., 2008], ELAND,
segemehl [Hoffmann et al., 2009], . . . (≈50 more)

I Main issues:
I Accuracy I Speed I Memory Consumption
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Transcriptome Analysis RNA-seq Read Mapping

Mapping via Spaced Seeds fml

I Blast-like searches suffer from two problems:
I longer seeds lose distant homologies
I shorter seeds create too many hits

I Idea: Create seeds that have a higher probability of a hit in a
homologous region while lower expectation of random hits
⇒ Spaced seeds

..

111 11
1 1111 1 1

11
01

11
0 0000 0

00 0 00 0 0000 000
00 0

0001111
000 000

111
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Transcriptome Analysis RNA-seq Read Mapping

Mapping via Suffix Arrays fml
I Given a long fixed string of length n and smaller patterns of

lengths m to be searched for
I Construction in O(n), Patterns can be detected in O(m)

3 1

5

A NA

NA$NA$ $

BANANA$

4 2

0

NA$$

[Wikipedia]
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Transcriptome Analysis RNA-seq Read Mapping

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

Read Alignment with GenomeMapper fml
GenomeMapper for (unspliced) read mapping:

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

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

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG
TCGC
 CGCG
  GCGC
   CGCG
    GCGC
     CGCA
      GCAA
       CAAC
        AACG

...matching
k-mers

DNA

Read

k-mers

...
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Transcriptome Analysis RNA-seq Read Mapping

Spliced vs. Unspliced Alignments fml

[Wikipedia]
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Transcriptome Analysis RNA-seq Read Mapping

Spliced vs. Unspliced Alignments fml

I Find matching region on genome with a few mismatches

I Efficient data structures for mapping many reads

I 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:

I blast [Altschul et al., 1990], spliced alignments [Gelfand et al., 1996], sim4
[Florea et al., 1998], GeneSeqer [Usuka et al., 2000], Spidey [Wheelan SJ, 2001], blat
[Kent, 2002], exalin [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:
I Erange [Mortazavi et al., 2008], GEM [Ribeca], MapNext [Bao et al., 2009],

MapSplice [Prins], PALMapper [Rätsch et al., 2010]

(=GenomeMapper/QPALMA [Schneeberger et al., 2009b, De Bona et al., 2008]),
PASS [Campagna et al., 2009], Star (Dobin), TopHat [Trapnell et al., 2009], . . .

I Issues:
I Assumptions on splice consensus
I Accuracy of intron predictions
I Speed (often higher than for unspliced alignments)
I Memory consumption (similar to unspliced mappers)
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Transcriptome Analysis RNA-seq Read Mapping
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Transcriptome Analysis RNA-seq Read Mapping
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Transcriptome Analysis RNA-seq Read Mapping

Read Alignment with PALMapper fml
GenomeMapper for (unspliced) read mapping:

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

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

QPALMA: Extended Smith-Waterman Alg. fml

Classical scoring f : Σ× Σ→ R

Source of information
I Sequence matches

I Computational splice
site predictions

I Intron length model

I Read quality
information
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Transcriptome Analysis RNA-seq Read Mapping

QPALMA: Extended Smith-Waterman Alg. fml

Quality scoring f : (Σ× R)× Σ→ R [De Bona et al., 2008]

Source of information
I Sequence matches

I Computational splice
site predictions

I Intron length model

I Read quality
information
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Transcriptome Analysis RNA-seq Read Mapping

RNA-Seq Read Alignment with QPALMA fml
Generate set of artificially spliced reads

I Genomic reads with quality information
I Genome annotation for artificially splicing the reads
I Use 10, 000 reads for training and 30, 000 for testing
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Quality [De Bona et al., 2008]
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Transcriptome Analysis Quantitation

Quantitation

c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 52 / 168



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

Approach: Normalize read count, by
I Length of the transcript (sum of exonic regions in kilobases)
I 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.
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Transcriptome Analysis Quantitation

Quantitation of Transcripts fml
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Transcriptome Analysis Quantitation

Quantitation of Transcripts fml
Given short reads alignments and a set of known transcripts, can we
disentangle transcript abundances?

Solve an optimization problem:

I Optimizing weights wt for each transcript t = 1, . . . , T

I Exploiting additive nature of the read coverage

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

(w1, . . . , wT ) = argmin
w1,...,wT≥0

∑
p∈P

(
Rp −

T∑
t=1

wtDt,p

)2

,

with

I P : set of considered genomic positions

I Rp: observed read coverage (number of reads covering pos. p)

I Dt,p: 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:

I Poisson distributions [Jiang and Wong, 2009]

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

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

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

Problems:

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

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

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

RNA-Seq Biases and Quantitation fml
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Transcriptome Analysis Quantitation

RNA-Seq Biases – Publications fml

I Transcript length bias [Oshlack and Wakefield, 2009]

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

I Sequence bias in Illumina sequencer [Dohm et al., 2008]

I Biases in nucleotide composition induced by random hexamer
priming [Hansen et al., 2010]

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

rQuant – Basic Idea fml
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Mp = wADA,p + wBDB,p ⇒ minwA,wB

∑
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Transcriptome Analysis Quantitation

rQuant – Iterative Algorithm fml
1. Optimize transcript weights: minw

∑
p ` (
∑

t wtDt,p, Rp)

2. Optimize profile weights: minp

∑
p ` (
∑

t wtDt,p, Rp)

3. Repeat 1. and 2. until convergence.
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 60 / 168



Transcriptome Analysis Quantitation

rQuant – Iterative Algorithm fml
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Transcriptome Analysis Quantitation

rQuant Evaluation I fml
Method rQuant: Position-wise with profiles

(estimating library and mapping bias)
compared to

I Position-wise, without profiles

I Segment-wise, without profiles (e.g., Jiang and Wong [2009] )

I Segment-wise, with profiles (e.g., Flux Capacitor [Sammeth, 2009a])

Estimate transcript abundances

I Using simulated data for A. thaliana (Flux Simulator [Sammeth, 2009b])

I Subset of alternatively spliced genes

Evaluation: Spearman correlation between

I Simulated RNA expression level and

I Predicted transcript weights
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Transcriptome Analysis Quantitation

rQuant Evaluation II fml

Co
rr

el
at

io
n

Segment-wise, 
w/o pro!les

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Across transcripts

Within genes (mean)

(Bohnert et al., in preparation, 2010)
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Transcriptome Analysis Quantitation

Transcriptome Variation Studies fml
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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 fml

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

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

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

I 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?

Coverage

Condition A

Condition B
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Transcriptome Analysis Differential expression analysis

Differential Transcript Expression fml

Tests for differential transcript expression between two conditions:

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

I Statistical test on read counts in differential regions [Stegle et al., 2010]

I Incomplete or missing transcript annotation
I Non-parametric Maximum mean discrepancy test on a genomic

region [Stegle et al., 2010]

c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 67 / 168



Transcriptome Analysis Differential expression analysis

Poisson Test on Differential Regions fml

Coverage

Gene
structure

Regions

Condition A

Condition B

(1)

(2)

(3)

(4)

I Considers only regions where differential “expression” can occur

I Models read counts in those regions by Poisson distributions

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

I Test whether the read distributions in a region are the same

I No assumptions on the distribution of reads in a region

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

Gene:C40H1.6
Chromosome III +

Young
adult

L2

Gene:B0025.2.1
Chromosome I +

L2

Young
adult

Coverage

c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 69 / 168



Transcriptome Analysis Differential expression analysis

Comparison of Differential Expression Detection fml
Results on simulated expression and read data [Stegle et al., 2010]
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I Poisson Region: Poisson test on differential regions
I Poisson Quant: Quantitation with subsequent Poisson test
I MMD: Maximum Mean Discrepancy test
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Transcriptome Analysis Transcript Reconstruction

Transcript Reconstruction

c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 71 / 168



Transcriptome Analysis Transcript Reconstruction

Common RNA-Seq Analysis Steps fml
RNA-Seq

Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments

De novo 
Assembly

Transcript 
Quantitation

TARs and 
Transcripts

Transcript 
Reconstruction
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Transcriptome Analysis Transcript Reconstruction

Transcript Identification Strategies fml
I Segmentation strategies: Based on read coverage only
→ Little assumptions
→ Find non-coding transcripts
→ Differential expression

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

Methods:

I G.Mo.R-Se (threshold based exon identification)

I mTIM (“advanced thresholding”)

I mGene.NGS (gene finding with RNA-seq)

I Cufflinks, Scripture (genome-guided assembly)
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Transcriptome Analysis Segmentation Strategies

G.Mo.R-Se Splice Graph Reconstruction fml

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

mTiM: Read Coverage Segmentation fml
Goal: Characterize each base as intergenic, exonic, or intronic
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Transcriptome Analysis Segmentation Strategies
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Transcriptome Analysis Segmentation Strategies

The mTiM Segmentation Approach fml

intergenic exonic intronic

E IS

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

I HM-SVM training: Optimize transformations: signal → score
I Extension: Score spliced reads and splice sites

(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 fml
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Transcriptome Analysis Segmentation Strategies
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Transcriptome Analysis Segmentation Strategies

The mTiM Segmentation Approach fml

Idea: Assume uniform read coverage within exons of same transcript
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Transcriptome Analysis Segmentation Strategies

The mTiM Segmentation Approach fml
Discrete

expression level
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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) fml
CDS (precision+recall)/2

expression percentiles [%]
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Transcriptome Analysis Segmentation Strategies

Gene Finding fml
DNA

Protein

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

Gene Finding fml
DNA

pre-mRNA

mRNA

Protein

5' UTR 

exon

intergenic

3' UTR

intron

genic

exon exonintron

polyAcap

I Given a piece of DNA sequence
I 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 fml
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Transcriptome Analysis Segmentation Strategies

Computational Gene Finding fml
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction I fml
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction I fml

acc

don

tss

tis

stop

True gene model 2 3 4 5

F(x,y)

transform features

STEP 1: SVM Signal Predictions

STEP 2: Integration

genomic position

genomic position
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction I fml
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction I fml
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transform SVM outputs with PLiF

STEP 1: SVM Signal Predictions
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Expression Evidence
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Transcriptome Analysis Learning to Predict mRNA Transcripts

Preliminary Evaluation (C. elegans) fml
CDS (precision+recall)/2

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

Digestion fml
I mGene.ngs and mTiM predict single transcripts

I mGene.ngs uses more assumptions on structure of transcripts

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

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

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

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

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 94 / 168



Transcriptome Analysis Learning to Predict mRNA Transcripts

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

Transcript Assembly
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Transcriptome Analysis Transcript Assembly

Common RNA-Seq Analysis Steps fml
RNA-Seq

Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments

De novo 
Assembly

Transcript 
Quantitation

TARs and 
Transcripts

Transcript 
Reconstruction
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Transcriptome Analysis Transcript Assembly

(Slides provided by Moran Yassour, Hebrew University and Broad)
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Transcriptome Analysis Transcript Assembly
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 103 / 168



Transcriptome Analysis Transcript Assembly

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

Read Assembly fml
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

I Genome assembly: EULER [Pevzner et al., 2001], Velvet
[Zerbino and Birney, 2008], Allpaths [Maccallum et al., 2009], SHARCGS
[Dohm et al., 2007], SSAKE/VCAKE [Warren et al., 2007], . . .

I Transcriptome assembly: Oases, Ananas
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Transcriptome Analysis Transcript Assembly

Read Assembly - de Bruijn Graphs fml
Example:

001 011

110100

000 101 010 111

I Reads are mapped as a path in the graph
I Number of reads does not influence number of nodes
⇒ Use de-Bruijn graphs to solve the problem

[Wikipedia]
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Transcriptome Analysis Transcript Assembly

de Bruijn Graphs fml
Example: TAGAC

AGACT

AGACT ACTGA

CTGAT

TGATT

GATTG ATTGA

TTGAC

TGACC

GACCA

ATTGC

TTGCC

1. TAGACTTATTGACCA
2. TAGACTTATTGCC.....

de Bruin graph for two reads:

[Zerbino and Birney, 2008]

I Nodes represent k-mers smaller than read length
I A k-mer can refer to thousands of reads containing it
I Read errors or ambiguities lead to branching of paths
I Each node also stores the reverse complement
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Read Assembly - Example fml
Consider a constructed de Bruijn graph

I Unconnected nodes

I Ambiguous paths
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Read off genome sequence (if everything goes well ;-)
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 109 / 168



Transcriptome Analysis Transcript Assembly

Read Assembly - Example fml
Consider a constructed de Bruijn graph

I Unconnected nodes

I Ambiguous paths

I Erroneous edges

A

B

B'

C

C'

X

E

Read off genome sequence (if everything goes well ;-)
[Zerbino and Birney, 2008]
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Results for Genome Assembly fml

vet uses slightly more memory, it is significantly faster and pro-
duces larger contigs, without mis-assembly. Furthermore, it cov-
ers a large area of the genome with high precision.

We also tried using SHARCGS (Dohm et al. 2007) and
EULER (Pevzner et al. 2001) but were not able to make these
programs work with our data sets. This is probably due to differ-
ences in the expected input, particularly in terms of coverage
depth and read length.

Discussion
We have developed Velvet, a novel set of de Bruijn graph-based
sequence assembly methods for very short reads that can both
remove errors and, in the presence of read pair information, re-
solve a large number of repeats. With unpaired reads, the assem-
bly is broken when there is a repeat longer than the k-mer length.
With the addition of short reads in read pair format, many of
these repeats can be resolved, leading to assemblies similar to
draft status in bacteria and reasonably long (∼5 kb) SCSCs in
eukaryotic genomes.

For the latter genomes, the short read
contigs will probably have to be combined
with long reads or other sequencing strate-
gies such as BAC or fosmid pooling. Simu-
lations of Breadcrumb produced virtually
identical N50 lengths on both a continuous
5-Mb region and a discontinuous 5-Mb re-
gion made up of random 150-kb BACs, with

twofold variation in BAC concentration
(data not shown). This approach would
then require merging local assemblies.

Sequence connected supercontigs
have considerably more information
than gapped supercontigs, in that the se-
quence content separating the definitive
contigs is an unresolved graph. One can
easily imagine methods that can exclude
the presence of a novel sequence in the
SCSC completely by considering the
potential paths in the unresolved se-
quence regions, in contrast to tradi-
tional supercontigs, where one can
never make such a claim. In addition,
the unresolved regions will often be dis-
persed repeats, and as such the classifi-
cation of such regions as repeats is more
important than their sequence content
for many applications.

It is important to emphasize that
assembly is not a solved problem, in par-
ticular with very short reads, and there
will continue to be considerable algo-
rithmic improvements. Velvet can al-
ready convert high-coverage very short
reads into reasonably sized contigs with
no additional information. With addi-
tional paired read information to resolve
small repeats, almost complete genomes
can be assembled. We believe the Velvet
framework will provide a rich set of dif-
ferent algorithmic options tailored to
different tasks and thus provide a plat-

form for cheap de novo sequence assemblies, eventually for all
genomes.

Methods
Velvet parameters
Velvet was implemented in C and tested on a 64-bit Linux ma-
chine.

The results of Velvet are very sensitive to the parameter k as
mentioned previously. The optimum depends on the genome,
the coverage, the quality, and the length of the reads. One ap-
proach consists in testing several alternatives in parallel and pick-
ing the best.

Another method consists in estimating the expected num-
ber X of times a unique k-mer in a genome of length G is observed
in a set of n reads of length l. We can link this number to the
traditional value of coverage, noted C, with the relations:

E!X" =
n!l − k + 1"

G − k + 1
≈

n
G !l − k + 1" = C

l − k + 1
l

Figure 6. Breadcrumb performance on simulated data sets. As in Figure 3, we sampled 5-Mb DNA
sequences from four different species (E. coli, S. cerevisiae, C. elegans, and H. sapiens, respectively) and
generated 50! read sets. The horizontal lines represent the N50 reached at the end of Tour Bus (see
Fig. 3) (broken black line) and after applying a 4! coverage cutoff (broken red line). Note how the
difference in N50 between the graph of perfect reads and that of erroneous reads is significantly
reduced by this last cutoff. (Black curves) The results after the basic Breadcrumb algorithm; (red curves)
the results after super-contigging.

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

Assembler
No. of
contigs N50

Average
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%

Short read de novo assembly using de Bruijn graphs

Genome Research 827
www.genome.org

 Cold Spring Harbor Laboratory Press on March 21, 2009 - Published by genome.cshlp.orgDownloaded from 

Considerably shorter fragments for larger genomes

[Zerbino and Birney, 2008]
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 118 / 168



ChIP-seq Mapping the reads
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 142 / 168



Integration The Combinatorial Problem
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 150 / 168



Integration Joint Analysis of Chip- and RNA-Seq
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c© Gunnar Rätsch and Ali Mortazavi Functional Genomics with Deep Sequencing ISMB Tutorial, July 10, 2010 152 / 168



Integration Joint Analysis of Chip- and RNA-Seq
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I André Kahles, Friedrich Miescher Laboratory

I Stefan Henz, MPI for Developmental Biology

I Georgi Marinov, Caltech

I Shirley Pepke, Caltech

I Cole Trapnell, U Maryland & UC Berkeley

I Moran Yassour, Hebrew University & Broad Institute

I Georg Zeller, EMBL Heidelberg

The slides and additional material will be available online at

http://www.fml.mpg.de/raetsch/lectures/ismb10tutorial
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