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c© Gunnar Rätsch (cBio@MSKCC) Introduction to Sequencing & Functional Genomics @ Weill Cornell Graduate School 3

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


Memorial Sloan-Kettering Cancer Center 
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c© Gunnar Rätsch (cBio@MSKCC) Introduction to Sequencing & Functional Genomics @ Weill Cornell Graduate School 5

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


Memorial Sloan-Kettering Cancer Center 
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Biological Question, Sequencing & Analysis
Memorial Sloan-Kettering Cancer Center 

New genome qualitative
Sequence DNA ⇒ assemble

Genomic variation qualitative
Sequence DNA ⇒ assemble ⇒ align ⇒ detect
Sequence ⇒ align to DNA ⇒ detect

New gene/transcript qualitative
Sequence RNA ⇒ assemble
Sequence RNA ⇒ align to DNA ⇒ detect

Gene/transcript expression quantitative
Sequence RNA ⇒ align to known RNAs ⇒ count
Sequence RNA ⇒ align to DNA ⇒ count

DNA/RNA-Protein binding quantitative
Binding assay ⇒ Sequence ⇒ align to DNA ⇒ identify peaks

Methylation quant- & qualitative
Bisulfit treatment ⇒ Sequence DNA ⇒ align to DNA⇒ count

. . .
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RNA-seq: Transcripts and Library Preparation
Memorial Sloan-Kettering Cancer Center 

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
strategies have to be used.
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Sample/Library Preparation Choices
Memorial Sloan-Kettering Cancer Center 

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.
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Read Analysis I
Memorial Sloan-Kettering Cancer Center 

Assembly
⇒ generate contigs
Mapping/Alignments
⇒ map/align reads back to a known genome
Quantification
⇒ Estimate abundances of transcripts/binding . . .

CCGTTT TATTTTTT
TCTAAG AGATAAA

 CTCTGTA TGACTC

ACGTACCGTTTGACTCTAGTATCTTCTAGTAGATATTTTTTTTTTAGATAAAA

 

Assembled genome

Reads

?

magic

??

?

?

?

?

?

?

 CTCTGTA

TATTTTTT

AGATAAA

CCGTTT

CCGTTT

[Sutskever, 2008]
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Read Analysis I
Memorial Sloan-Kettering Cancer Center 

Assembly
⇒ generate contigs

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

Quantification
⇒ Estimate abundances of transcripts/binding . . .

Problem: hundreds of millions of reads of short length

⇒ Big computational challenge
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Read Analysis - Mapping
Memorial Sloan-Kettering Cancer Center 

Read 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 [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)

Main issues:
Accuracy Speed Memory Consumption
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Example: Mapping via Spaced Seeds
Memorial Sloan-Kettering Cancer Center 

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

..

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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Tools for Spliced Read Alignments
Memorial Sloan-Kettering Cancer Center 

Traditional ones developed for cDNA sequence alignment:
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:
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], . . .
Issues:

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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Common RNA-Seq Analysis Steps
Memorial Sloan-Kettering Cancer Center 

RNA-Seq
Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments
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Estimate Gene Expression
Memorial Sloan-Kettering Cancer Center 

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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Estimate Gene Expression: Caveats
Memorial Sloan-Kettering Cancer Center 

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

Effect of genomic variation

Alternative transcripts/RNA-processing may lead to differential
read counts
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Dissecting the structural and regulatory component of gene expression variability
Oliver Stegle,1 Philipp Drewe,2 Bjarni J. Vilhjalmsson,3 Edward Osborne,4 Geraldine Jean,2 Quan Long,3 Marie-Stanislas Remigereau,3 Andre Kahles,2

Magnus Nordborg,3 Richard Clark,4 Gunnar Rätsch2.
1 Max Planck Campus, Tübingen, Germany; 2 Memorial Sloan-Kettering Center, New York, USA;

3 Gregor Mendel Institute, Vienna, Austria; 4 University of Utah, Biology, Salt Lake City, USA

Overview

• Molecular traits vary due to a multitude of factors

• Here, we investigate mRNA variability in 2 Arabidopsis datasets,
covering 19 and 200 accessions respectively

• We attribute expression variation to
– regulatory cis effects
– regulatory trans effects
– methylation in cis

– structural variation
– confounding factors

19 MAGIC Founder Accessions

Multiparent Advanced Generation Inter-Cross (MAGIC) lines

• Eventually 1200 lines (currently >500)
• Related to Nested Association Mapping in maize and the Collab-

orative Cross in mouse
• Sequenced founder lines
• RNA-Seq expression profiling

200 Swedish Accessions

Collection of natural accessions
collected in different sites in Swe-
den
• Over 240 sequenced (here:

presenting data for 160)
• Highly structured population
• Genome reconstruction
• RNA-Seq and BS-Seq in two

environments

Read mapping, variants & multi-mappers

Variant-aware alignments with Palmapper:
• Alignment of RNA-Seq reads against reference + large set of

polymorphisms (from genome sequencing):

SNV
DNA

Read alignment Deletion

Insertion

Tophat

ï��
ï��

ï��
ï��

ï��
ï��

PALMapper
w/o variants

���
���

���
���

 

0 mismatches
��PLVPDWFK
��PLVPDWFKHV

Palmapper
w/ variants

Multimapper handling:
• Multimappers generate correlation between gene expression
• Remove other reads with same number of mismatches

Gene expression quantification

Quantification on consensus sequence across genomes

• Comparative quantification with and without filtering for
– Indels

– Uncovered regions – Gene model changes.

• Reduces cis confounding of gene expression

Impact of repeats on expression correlation

Top 1,401 expressed genes which had still a length of 500 after
filtering. Pairwise correlations cutoff at � 0.25 for correlated and
< 0.05 for the uncorrelated genes.

200 400 600 800 1000 1200 1400

200
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G
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• Gene expression correlation structure differs substantially be-
tween quantification.

• Overall:
– 9,820 correlations less – 724 new correlations.

• Spurious correlations have implications in genetic trans associa-
tions.

Variance component models for expression

Modeling approach
• Multivariate linear model of multiple factors for each gene g in environ-

ments e = {0, 1}

yg,e = µe|{z}
env

+
2X

e=1

NcisX

n=1

�n,esn

| {z }
cis genetics

+ . . .|{z}
cis methylation

+ . . .|{z}
trans genetics

+ .

Here, s1, . . . , sNcis denotes variants in a 50kb window around the gene.
Analogously for cis methylation and trans genetic factors.

• Sharing of prior weights across environments, accounting for
environment-specific variance and correlation (GxE) p(�) =
QNcis

n=1N
�
�n,:,0,⌃

�
, with covariance ⌃ =

h
�2
0,�0,1

�0,1,�2
1

i
. Alternatively, to

asses the shared environmental component without GxE, ⌃ =
h
�2,0
0,�2

i
.

• Marginalize weights, treating the respective factors as random [2].

Mean relative contributions to expression variability

2%12%

8%

14%

2%

7%
17%

< 1%

7%

30%

Variance components: mean of upper 25% (n=2,438)

 

 

environment
cis sequence
cis methylation
trans sequence
GxE cis
GxE methylation
GxE trans
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• Cumulative average contribution of environment, genetic factors, envi-
ronmental interactions.
– Methylation: 1kb upstream promoter region
– Cis sequence: 50 kb region
– Confounding cis: indels, uncovered regions
– Confounding trans: repetitive regions
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Boxplots of the variance components for each factors across all genes.

Statistically mappable associations

Genes with mappable genetic effects (19G)

(FC > 50): 308

Distribution of fold changes (19G)
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Mappable trans eQTLs (200g)

• Moderate extent of trans regulation
• Regulatory hotspots.
• Majority of trans effects are not mappable,

instead
– Weak effects
– Driven by population structure

Conclusions
• Direct environmental effects are weak
• Genetic variance greatly differs between

environments (GxE)
• Confounding trans variation (repeats) and

cis effects (indels, uncovered regions)
have substantial effects for some genes.
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Estimate Gene Expression: Caveats
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RPKM/FPKM values are strongly dependent on the expression
level of the highest expressed genes (largest fraction of reads,
e.g. rRNA contamination)

Effect of genomic variation

Dissecting the structural and regulatory component of gene expression variability
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Overview

• Molecular traits vary due to a multitude of factors

• Here, we investigate mRNA variability in 2 Arabidopsis datasets,
covering 19 and 200 accessions respectively

• We attribute expression variation to
– regulatory cis effects
– regulatory trans effects
– methylation in cis

– structural variation
– confounding factors

19 MAGIC Founder Accessions

Multiparent Advanced Generation Inter-Cross (MAGIC) lines

• Eventually 1200 lines (currently >500)
• Related to Nested Association Mapping in maize and the Collab-

orative Cross in mouse
• Sequenced founder lines
• RNA-Seq expression profiling

200 Swedish Accessions

Collection of natural accessions
collected in different sites in Swe-
den
• Over 240 sequenced (here:

presenting data for 160)
• Highly structured population
• Genome reconstruction
• RNA-Seq and BS-Seq in two

environments

Read mapping, variants & multi-mappers

Variant-aware alignments with Palmapper:
• Alignment of RNA-Seq reads against reference + large set of

polymorphisms (from genome sequencing):

SNV
DNA

Read alignment Deletion

Insertion
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PALMapper
w/o variants
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0 mismatches
��PLVPDWFK
��PLVPDWFKHV

Palmapper
w/ variants

Multimapper handling:
• Multimappers generate correlation between gene expression
• Remove other reads with same number of mismatches

Gene expression quantification

Quantification on consensus sequence across genomes

• Comparative quantification with and without filtering for
– Indels

– Uncovered regions – Gene model changes.

• Reduces cis confounding of gene expression

Impact of repeats on expression correlation

Top 1,401 expressed genes which had still a length of 500 after
filtering. Pairwise correlations cutoff at � 0.25 for correlated and
< 0.05 for the uncorrelated genes.
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• Gene expression correlation structure differs substantially be-
tween quantification.

• Overall:
– 9,820 correlations less – 724 new correlations.

• Spurious correlations have implications in genetic trans associa-
tions.

Variance component models for expression

Modeling approach
• Multivariate linear model of multiple factors for each gene g in environ-

ments e = {0, 1}

yg,e = µe|{z}
env

+
2X

e=1

NcisX

n=1

�n,esn

| {z }
cis genetics

+ . . .|{z}
cis methylation

+ . . .|{z}
trans genetics

+ .

Here, s1, . . . , sNcis denotes variants in a 50kb window around the gene.
Analogously for cis methylation and trans genetic factors.

• Sharing of prior weights across environments, accounting for
environment-specific variance and correlation (GxE) p(�) =
QNcis

n=1N
�
�n,:,0,⌃

�
, with covariance ⌃ =

h
�2
0,�0,1

�0,1,�2
1

i
. Alternatively, to

asses the shared environmental component without GxE, ⌃ =
h
�2,0
0,�2

i
.

• Marginalize weights, treating the respective factors as random [2].
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– Methylation: 1kb upstream promoter region
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– Confounding trans: repetitive regions

Distribution of individual variance components

confounding cis

cis methylation

environment

confounding trans

GxE methylation

cis sequence

GxE cis

trans sequence

GxE trans

Boxplots of the variance components for each factors across all genes.
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Mappable trans eQTLs (200g)

• Moderate extent of trans regulation
• Regulatory hotspots.
• Majority of trans effects are not mappable,

instead
– Weak effects
– Driven by population structure

Conclusions
• Direct environmental effects are weak
• Genetic variance greatly differs between

environments (GxE)
• Confounding trans variation (repeats) and

cis effects (indels, uncovered regions)
have substantial effects for some genes.
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RPKM/FPKM values are strongly dependent on the expression
level of the highest expressed genes (largest fraction of reads,
e.g. rRNA contamination)

Effect of genomic variation

Alternative transcripts/RNA-processing may lead to differential
read counts
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Quantitation of Transcripts
Memorial Sloan-Kettering Cancer Center 

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

Solve an optimization problem:

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

Exploiting additive nature of the read coverage

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

(w1, . . . ,wT ) = argmin
w1,...,wT≥0

∑
p∈P

(
Rp −

T∑
t=1

wtDt,p

)2

,

with

P : set of considered genomic positions

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

Dt,p: expected read coverage for transcript t at position p
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Quantitation of Transcripts
Memorial Sloan-Kettering Cancer Center 

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, 2009]

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

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

Other methods: [Li et al., 2010], [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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http://cbio.mskcc.org
http://www.mskcc.org


Quantitation of Transcripts
Memorial Sloan-Kettering Cancer Center 

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, 2009]

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

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

Other methods: [Li et al., 2010], [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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Effects of Alignents on Downstream Analysis
(Cufflinks: Human - Exon F-score)

Memorial Sloan-Kettering Cancer Center 
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Introduction
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Part I: Sequencing Basics

The Rise of the Sequencers

From Genome sequencing to Counting assays

Biological question, sequencing, analysis

Part II: RNA-seq Basics

Read Mapping and common analysis steps

Gene and transcript quantification, Caveats

Part III: Chip-Seq Basics

Enhancers, Promoters

ChIP, DNase, ATAC, & friends

Part IV: Integration Approaches

From DNA to Phenotype

Integration into QTLs
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c© Gunnar Rätsch (cBio@MSKCC) Introduction to Sequencing & Functional Genomics @ Weill Cornell Graduate School 45

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

A posteriori for “validation”

Identify QTLs
Match with known functional annotations to find overlap

A priori for “filtering”

Filter variants down to those that have a relevant functional
annotation
Perform QTL analysis on subset with increased power (on
subset)
Useful for small datasets and rare variants

In situ during inference

Learn weighting of functional annotation types
... while performing the associations
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c© Gunnar Rätsch (cBio@MSKCC) Introduction to Sequencing & Functional Genomics @ Weill Cornell Graduate School 48

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


Acknowledgments
Memorial Sloan-Kettering Cancer Center 

We gratefully acknowledge help with the material:

Anna Abelin, Caltech

Jonas Behr, FML & Sloan Kettering Institute

Regina Bohnert, FML

Philipp Drewe, FML & Sloan Kettering Institute

Fabio De Bona, FML & Google Research

André Kahles, FML & Sloan Kettering Institute

Stefan Henz, MPI for Developmental Biology

Georgi Marinov, Caltech

Shirley Pepke, Caltech

Cole Trapnell, U Maryland & UC Berkeley

Moran Yassour, Hebrew University & Broad Institute

Georg Zeller, EMBL Heidelberg

The slides and additional material will be available online at

http://raetschlab.org/lectures/mlpm-ngs-lecture.pdf
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News and Opportunities
Memorial Sloan-Kettering Cancer Center 

the current view soon the new view

Current topics: ML for phenotyping from medical records, cancer,
large-scale genomics, decision support systems, gene regulation

(come and talk to me if you’d like to learn more and look for opportunities)
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K. Schneeberger, D. Weigel, and G. Rätsch. Rna-seq and tiling arrays for improved gene
finding. Oral presentation at the CSHL Genome Informatics Meeting, September 2008. URL
http:

//www.fml.tuebingen.mpg.de/raetsch/lectures/RaetschGenomeInformatics08.pdf.
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c© Gunnar Rätsch (cBio@MSKCC) Introduction to Sequencing & Functional Genomics @ Weill Cornell Graduate School 56

http://genome.cshlp.org/content/early/2009/06/29/gr.090597.108.full.pdf+html
http://dx.doi.org/10.1038/nbt.1621
http://cbio.mskcc.org
http://www.mskcc.org


References VII

J. Usuka, W. Zhu, and V. Brendel. Optimal spliced alignment of homologous cdna to a
genomic dna template. Bioinformatics, 16(3):203–211, 2000.

Anton Valouev, David S Johnson, Andreas Sundquist, Catherine Medina, Elizabeth Anton,
Serafim Batzoglou, Richard M Myers, and Arend Sidow. Genome-wide analysis of
transcription factor binding sites based on chip-seq data. Nat Methods, 5(9):829–34, Sep
2008. doi: 10.1038/nmeth.1246.

Ostell JM. Wheelan SJ, Church DM. Spidey: a tool for mrna-to-genomic alignments. Genome
Research, 11(11):1952–7, 2001.

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.

M. Zhang and W. Gish. Improved spliced alignment from an information theoretic approach.
Bioinformatics, 22(1):13–20, January 2006.
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