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Introduction Functional Genomics

The Encyclopedia of DNA Elements fml
I How to make sense of the genome?

I Which nucleotides are functional?
I What is their function?

I National Human Genome Research Institute started the Encode
project to annotate human and model organism genomes:

I 2004: Human 1%
I 2007: Human whole-genome
I 2008: Drosophila and C. elegans
I 2010: Mouse
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Introduction Functional Genomics

Sequencing for Functional Genomics fml

[Wold & Myers, Nature Methods, 2007]
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Transcriptome Analysis

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

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

RNA-Seq Biases fml
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Transcriptome Analysis

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., 2010, Bohnert et al., 2009]
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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 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

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
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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

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

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

QPALMA for spliced read alignments:

I GenomeMapper identifies seed regions

I Spliced alignments by QPALMA [De Bona et al., 2008]
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Transcriptome Analysis RNA-seq Read Mapping

RNA-seq Read Analysis - Spliced Alignment fml

I Genomic read mapping
already challenging

I Transcriptome read
mapping is even more
difficult:

Improve alignments by using more information:

I Accurate splice site models

I Intron length model

I Quality scores model

Idea: Use a machine learning method to infer optimal parameters
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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

Cartoon: Maximize the Margin fml

truefalse false

I Correct alignment is not highest scoring one

I Correct alignment is highest scoring one

I Can we do better?
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Transcriptome Analysis RNA-seq Read Mapping

Cartoon: Maximize the Margin fml

false true

I Technique motivated by SVMs (“large-margin”)

I Enforce a margin between correct and incorrect examples

I Application of Structured Output Learning
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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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c© Gunnar Rätsch et al. Functional Genomics by Deep Sequencing Erice Course, September 14, 2010 21 / 54



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

Al
ig

nm
en

t  
Er

ro
r  

R
at

e

SmithW
14.19%

Intron
9.96% 1.94% 1.78%

Intron+
Splice

Intron+
Splice+
Quality

Error vs. intron position

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

Agreement of Intron Predictions with Annotation (C. elegans) fml
Strategy:

I Consider annotated introns as gold standard.
I Compute F-score of agreement of predicted introns in different

submissions with gold standard.

Filtered by mismatches Filtered by segment length
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Transcriptome Analysis Quantitation

Common RNA-Seq Analysis Steps fml
RNA-Seq

Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments

De novo 
Assembly

Transcript 
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TARs and 
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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

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)
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Transcriptome Analysis Quantitation

Quantitation of Transcripts fml
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Transcriptome Analysis Quantitation

Quantitation of Transcripts fml
Given 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

rQuant – Basic Idea fml
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Short transcript

relative transcript position 5’ -> 3’

Mp = wADA,p + wBDB,p ⇒ minwA,wB

∑
p ` (Mp, Rp)
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Transcriptome Analysis Quantitation
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Transcriptome Analysis Quantitation
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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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rQuant – Iterative Algorithm fml
1. Optimize transcript weights: minw
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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.

distance to transcript start/end

pr
o!

le
 w

ei
gh

t

0 50 200 450 800 1250 1800 2450 −2450 −1800 −1250 −800 −450 −200 −50 0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

 

 

gene AT1G01240
chromosome 1,  forward strand

AT1G01240.1   +
110 1,178

625

AT1G01240.2   +
190 1,178

436

AT1G01240.3   +
1,941

99,960 100,368 100,776 101,184 101,592

4.95

8.35

23.99

70

60

50

40

30

20

10

0

re
ad

 c
ou

nt
s

8.35
4.95

23.99

37.29
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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
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(Bohnert et al., in preparation, 2010)
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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 Transcript Reconstruction

Influence of Read Mapping: here Scripture fml
Exon-level F-Score of Scripture transcript predictions relative to annotation.
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Filtering can significantly increase accuracy.

Scripture on less-filtered alignments may not terminate (GRaetsch full, TAlioto, TWu).
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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

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

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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c© Gunnar Rätsch et al. Functional Genomics by Deep Sequencing Erice Course, September 14, 2010 38 / 54



Transcriptome Analysis Segmentation Strategies

RNA-seq + Gene Finding fml

DNA

pre-mRNA
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Protein
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction I fml
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STEP 1: SVM Signal Predictions

genomic position
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Transcriptome Analysis Learning to Predict mRNA Transcripts

mGene-based Transcript Prediction I fml
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True gene model 2 3 4 5

Wrong gene model

large margin
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transform SVM outputs with PLiF

STEP 1: SVM Signal Predictions
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Expression Evidence

c© Gunnar Rätsch et al. Functional Genomics by Deep Sequencing Erice Course, September 14, 2010 40 / 54



Transcriptome Analysis Learning to Predict mRNA Transcripts

Learning the uncertainty helps! fml

Exon Level Transcript Level
SN SP F SN SP F

ab initio 82.3 82.6 82.5 43.1 49.5 46.1
ESTs heuristic 85.3 84.7 85.0 49.5 56.4 52.7
ESTs trained 84.8 85.8 85.3 50.5 57.8 53.9
RNA-Seq and ESTs 84.7 86.9 85.8 50.3 60.5 54.9
RNA-Seq data 84.6 84.9 84.8 49.1 55.2 52.0
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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

Preliminary Evaluation (C. elegans) fml
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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
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Transcriptome Analysis Levels of Analyses

Gene Finding + Auxiliary Data fml

Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana) transcript level (SN + SP)/2

1. mGene (ab initio) . . . 73.3%

2. . . . with DNA methylation (1 tissue) 76.1%

3. . . . with Nucleosome position predictions 78.0%

4. . . . with RNA secondary structure predictions 76.7%
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Transcriptome Analysis Levels of Analyses

Learning about the Transcriptome fml
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Summary

Summary and Conclusions fml
Methods:

1. PALMapper: Splice site predictions improve alignments

2. mTiM: Identifies transcripts specific to experiment

3. mGene: Best for annotation; also finds lowly expressed genes

4. rQuant: Models library prep., sequencing, alignment biases

Unsolved problems:

1. Better prediction of alternative transcripts (without RNA-seq?)

2. Differential expression detection [Stegle et al., 2010]

3. Multi-modal modelling to handle the many different ways genes
are processed

4. Data integration; very promising for detecting missing
components, for instance, in gene prediction systems

c© Gunnar Rätsch et al. Functional Genomics by Deep Sequencing Erice Course, September 14, 2010 47 / 54



Summary

Summary and Conclusions fml
Methods:

1. PALMapper: Splice site predictions improve alignments

2. mTiM: Identifies transcripts specific to experiment

3. mGene: Best for annotation; also finds lowly expressed genes

4. rQuant: Models library prep., sequencing, alignment biases

Unsolved problems:

1. Better prediction of alternative transcripts (without RNA-seq?)

2. Differential expression detection [Stegle et al., 2010]

3. Multi-modal modelling to handle the many different ways genes
are processed

4. Data integration; very promising for detecting missing
components, for instance, in gene prediction systems
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alignments of short sequence reads. Bioinformatics, 24:i174–i180, 2008.

Juliane C. Dohm, Claudio Lottaz, Tatiana Borodina, and Heinz Himmelbauer. Substantial
biases in ultra-short read data sets from high-throughput DNA sequencing. Nucleic Acids
Research, 36(16):e105, Sep 2008. doi: 10.1093/nar/gkn425.
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differential rna-transcript expression from read counts. Technical report, Nature Preceedings,
2010.

Cole Trapnell, Brian A Williams, Geo Pertea, Ali Mortazavi, Gordon Kwan, Marijke J van
Baren, Steven L Salzberg, Barbara J Wold, and Lior Pachter. Transcript assembly and
quantification by rna-seq reveals unannotated transcripts and isoform switching during cell
differentiation. Nature Biotech, advance online publication, May 2010. doi:
10.1038/nbt.1621. URL http://dx.doi.org/10.1038/nbt.1621.

G Zeller, RM Clark, K Schneeberger, A Bohlen, D Weigel, and G Ratsch. Detecting
polymorphic regions in arabidopsis thaliana with resequencing microarrays. Genome Res, 18
(6):918–929, 2008. ISSN 1088-9051 (Print). doi: 10.1101/gr.070169.107.
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