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Abstract

Cell identity is defined by the set of active genes in each cell. Studying changes in

gene expression between conditions or developmental stages provides insights into

gene function. For many years microarrays have been the technology of choice for

the study of gene expression. However, they come with several technical limitations

and can only query genes with relevant probe sets on the array. In recent years,

sequencing of RNA (RNA-seq) has become a widely accessible method for the

genome-wide quantification of transcripts, overcoming several of these limitations.

The advent of this new technology has led to the development of a wide variety

of RNA-seq specific software. The two main software categories for RNA-seq are:

1) spliced aligners, which can align reads across intron-exon boundaries, and 2)

transcript reconstruction algorithms, based either on aligned reads to a reference

genome or de-novo assembly. These methods provide the basis for subsequent

transcript quantification and differential expression analysis. In the first part of

my thesis I benchmarked a comprehensive set of spliced aligners and transcript

reconstruction tools for RNA-seq. Results indicated that choice of alignment soft-

ware is critical for accurate interpretation of RNA-seq data. I also demonstrated

that exons can be accurately identified from RNA-seq data, but that most methods

fail to connect them into valid transcript isoforms, especially when transcriptome

complexity increases.

In the second part of my thesis I studied the response to leukemia inhibitory

factor (LIF) signalling in mouse embryonic stem (ES) cells. LIF-dependent Stat3

activation plays an important role in the maintenance of mouse ES cells in culture.

Combined RNA-seq and ChIP-seq analyses identified a set of direct Stat3 targets

induced following LIF exposure. Genes involved in transcriptional regulation were

selected for functional assays, revealing that ES cells can be maintained in the

absence of LIF through overexpression of either Klf4 or Tfcp2l1. Notably, most

LIF induced genes not bound by Stat3 were bound by either Klf4 or Tfcp2l1.

Integrating ChIP-seq data of known pluripotency factors, such as Oct4, Sox2,

Nanog, and Klf4, demonstrated that proximity of their binding sites and Stat3 sites

increased significantly for the subset of induced genes. Notably, of the Klf4 binding

sites associated with Stat3-bound upregulated genes, 50% overlap directly with

Stat3. These results suggest that Stat3 physically interacts with core pluripotency

regulators to induce expression of its target genes.
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Chapter 1

Introduction

The identity of a cell is determined by the set of actively transcribed genes and their

post-transcriptional regulation. Comparing gene expression between conditions or devel-

opmental stages can identify genes involved in certain pathways or specifically expressed

in certain tissues. Technologies to study gene expression and regulation have drasti-

cally improved during the last few decades. In particular, the advances in sequencing

technologies allow the study of genetics and epigenetics at unprecedented resolution.

Gene expression can be measured using RNA-sequencing (RNA-seq), which provides a

read-out of a complete transcriptome and enables the quantification of expressed tran-

scripts as well as the detection of novel genes and isoform composition. Combining

gene expression measures with chromatin immunoprecipitation followed by massive par-

allel sequencing (ChIP-seq) can provide further insights into the mechanisms by which

protein-DNA interactions, chromatin modifications and nucleosome positioning regulate

gene expression.

The advent of RNA-seq has triggered the development of a whole range of methods

tailored for this kind of data, such as spliced aligners, which can map reads across

exon-intron boundaries, and transcript reconstruction methods, which assemble short

fragments into full transcript isoforms. These methods form the foundation of any

RNA-seq based transcriptome study and all subsequent analyses depend on the initial

alignment and transcript reconstruction. Therefore, the right method choice is crucial

for a correct interpretation of RNA-seq data. As no comprehensive comparison of these

methods exists to date, there is no consensus which methods are appropriate for which
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application. Depending whether the main aim is to measure gene expression of annotated

genes or to identify novel transcripts, different methods might be required.

The aim of this thesis is to first assess the performance of RNA-seq aligners (Chap-

ter 2) and transcriptome reconstruction algorithms (Chapter 3). The insights gained

from this evaluation then informed the analysis of RNA-seq data from mouse embryonic

stem cells upon leukemia inhibitory factor stimulation. These data were combined with

the results from ChIP-seq experiments to study the mechanisms of LIF-mediated acti-

vation of the Jak/Stat3 signalling pathway and its role in the regulation of self-renewal

and pluripotency (Chapter 4).

1.1 High-throughput sequencing

The field of genomics experienced a major breakthrough when Watson and Crick solved

the structure of DNA (Watson and Crick, 1953) and a few years later the genetic code

– sets of three nucleotides encoding an amino acid (Crick et al., 1961) – was deciphered.

The development of DNA sequencing methods (Section 1.1.1) enabled the identification

of genes encoded within the DNA. Soon researchers sought to sequence whole genomes

and to identify all coding genes. The first complete genome to be sequenced was the

genome of the ΦX174 bacteriophage (Sanger et al., 1977b). The first larger genomes

to be completed were of Escherichia coli (Blattner et al., 1997) and Saccharomyces

cerevisiae (Goffeau et al., 1996). In the 1980s the human genome project was launched

aiming at decoding the human genome sequence, and in 2004 the first draft was com-

pleted (Lander et al., 2001; Venter et al., 2001; International Human Genome Sequencing

Consortium, 2004). The high demand for sequencing information has lead to the develop-

ment of new sequencing methods, resulting in a major speed-up enabling simultaneously

sequencing of millions of sequences (Section 1.1.2).

1.1.1 First generation sequencing

In 1975 Frederick Sanger and and Alan Coulson published a method to sequence DNA

by primed synthesis with DNA polymerase (Sanger and Coulson, 1975). In 1977 they

improved this method by using chain-terminating inhibitors (Sanger et al., 1977a). In the

same year Allan Maxam and Walter Gilbert published a DNA sequencing method based
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chemical modification of DNA and subsequent cleavage at specific bases (Maxam and

Gilbert, 1977). However, the chain-termination method developed by Sanger (therefore

also often referred to as Sanger sequencing) was easier to use and required fewer toxic

chemicals and thus became soon the method of choice. It formed the foundation for the

first generation of DNA sequencers. Adding fluorescent tags to the chain terminators

enabled the automated readout of the sequence (Smith et al., 1986). Using capillary

electrophoresis instead of electrophoresis on acrylamide gels resulted in another speed

increase (Hutchison, 2007). Reads of length up to 700 bp could be sequenced with this

technique, but throughput was limited.

1.1.2 Second generation sequencing

Automated Sanger sequencing is now often referred to as first-generation sequencing

and newer methods as next-generation sequencing (NGS) or also second generation se-

quencing (Mardis, 2008; Metzker, 2010). These methods are capable of generating a large

amount of data in a short time frame, but at the cost of shorter read length.

There are several different approaches to next-generation sequencing, but the most

popular one is the one of the Illumina platform. The approach implemented in the Il-

lumina Genome Analyzer is based on the concept of sequencing by synthesis (Bentley

et al., 2008). Instead of using beads, fragments are randomly bound to a solid surface,

the flow cell, and clusters are build by bridge amplification (Figure 1.1a). All four nu-

cleotides are added simultaneously onto the flow cell during each cycle of the sequencing

process. Each nucleotide is labelled with a different dye and has a chemically blocked

3′-OH group, enabling the incorporation of only one nucleotide per sequencing cycle.

After washing away unbound nucleotides, the incorporated nucleotides are identified in

an imaging step. The blocking group is removed and the next sequencing cycle can

begin. Two sequencing cycles are illustrated in Figure 1.1b, whereas Figure 1.1c il-

lustrates a sequence of images determining the nucleotide sequence of each cluster. In

paired-end sequencing both ends of a fragment are sequenced. After the first read has

been sequenced the template strand is used to generate a bridge and re-synthesise the

second strand, which is then used as template strand for the second read of the read

pair. Depending on the fragment length and the read length, read pairs will map to the

genome with similar distances. Anomalous paired reads can indicate structural varia-
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Figure 1.1: Overview of the Illumina sequencing technology. (a) Solid-phase amplification is composed
of two basic steps: initial priming and extending of the single-stranded, single-molecule template, and
bridge amplification of the immobilized template with immediately adjacent primers to form clusters.
(b) The four-colour cyclic reversible termination (CRT) method uses Illumina/Solexa’s reversible termi-
nator chemistry using solid-phase-amplified template clusters (shown as single templates for illustrative
purposes). Following imaging, a cleavage step removes the fluorescent dyes and regenerates the 3′-OH
group. (c) The four-colour images highlight the sequencing data from two clonally amplified templates.
(Modified from Metzker, 2010)
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tions (Bentley et al., 2008). To derive longe-range paired-end fragments longer than a

1kb, fragment ends are marked by the incorporation of biotinylated nucleotides. The

fragment is then circularised, randomly fragmented and the biotinylated fragments are

recovered for paired-end sequencing as described before.

There are other sequencing platforms with conceptually similar strategies. The He-

licos Genetic Analysis System platform is also based on the concept of sequencing by

synthesis while the SOLiD sequencing technology developed by Life Technologies is based

on the concept of sequencing by ligation.

1.1.3 Applications

Population-scale sequencing, such as the 1000 genomes project, enables the study of

genetic variation and their corresponding phenotypes within a population (1000 Genomes

Project Consortium et al., 2010). In addition to single nucleotide polymorphisms (SNPs)

and small indels (insertions or deletions), larger structural variations can be identified

from paired-end genome sequencing data (Korbel et al., 2009), and differences in read

coverage can be used to detect copy number variations (Mills et al., 2011). Converting

RNA to cDNA and subsequent sequencing enables the analysis of gene expression in

unprecedented detail (Morin et al., 2008; Mortazavi et al., 2008; Nookaew et al., 2012).

Within the field of epigenetics, chromatin modifications or binding profiles of DNA-

binding proteins, such as transcription factors, can be analysed using chromatin immuno-

precipitation sequencing (ChIP-seq, Johnson et al., 2007; Barski et al., 2007). DNA

methylation patterns can be analysed using bisulfide sequencing (Bock, 2012; Cokus

et al., 2008), and the three-dimensional structure of the genome can be studied using

chromosome conformation capture methods, enabling the identification of interactions

between distal genomic regions (Zhao et al., 2006; Lieberman-Aiden et al., 2009).

1.2 Gene expression profiling

The process of gene expression, protein synthesis and post-translational regulations, is

controlled at various levels. Chromatin structure and DNA-binding proteins influence

transcription rate, while RNA-binding proteins regulate RNA-stability and translation

rate. Post-translational modification and protein localisation further control the activity
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of proteins. Studying changes in gene expression between conditions, different tissues

and developmental stages provides insights into gene function as some genes display

tissue-specific expression profiles. Therefore, methods measuring gene expression of all

genes present in a sample are required to obtain an unbiased read-out of the entire

transcriptome.

1.2.1 Gene expression profiling using microarrays

For many years DNA microarrays have been the technology of choice for gene expres-

sion profiling. This technology is based on the principle of Southern Blotting where

fragmented DNA is attached to a surface and then probed with a known labelled DNA

sequence (Southern, 1975). If the DNA sequence of interest is within the sample, the

probe will hybridise with it and can be detected after washing away remaining probes.

Microarrays enable the probing of many DNA sequences at the same time. Known

probe sequences are attached or directly synthesised on defined spots on a solid surface,

such as glass or a silicon chip (Schena et al., 1995; Lockhart et al., 1996; Shalon et

al., 1996). Fluorescently labelled fragmented cDNA or cRNA (antisense RNA), that is

the target sequences, are then added to hybridise with the probes on the array. The

strength of the bond depends on the level of complementarity between the probe and

the target sequence. Fully complementary targets bind more strongly than partially

complementary targets. After hybridisation the remaining target sequences are washed

away. During this process also weak bonds are broken off. Finally the fluorescent

signal of each spot is measured in an imaging step. The strength of the signal provides

information about the amount of target sequence present in the sample.

Microarrays have been adapted to various applications. In addition to gene ex-

pression profiling and detection of differentially expressed genes (Gautier et al., 2004),

microarrays can be used to study binding profiles of DNA binding proteins (Ren et al.,

2000), novel transcripts using tiling arrays (Bertone et al., 2004; Huber et al., 2006; Xu

et al., 2011) and alternative splicing using exon-arrays (French et al., 2007; Gardina

et al., 2006).

Microarrays, however, come with certain limitations. As hybridisation efficiency dif-

fers between probes, microarrays do not provide absolute gene expression estimates (Gau-

tier et al., 2004). Nevertheless, over the years methods for the detection of differentially
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expressed genes between samples have been optimised (Allison et al., 2006). Another

drawback of microarrays is a high background signal caused by unspecific hybridisation.

The dynamic range of gene expression profiling is further limited by the saturation of

the fluorescent signal, which precludes proper quantification of highly expressed genes.

Finally, the set of interrogated transcripts is limited by the probe set present on a mi-

croarray.

1.2.2 Expression profiling using RNA sequencing

Sequencing of mRNA (RNA-seq) overcomes several of the limitations of microarrays. A

single experiment can be used to quantify known genes, identify novel transcripts and

analyse isoform composition expressed within a sample (Mortazavi et al., 2008). Due to

sinking sequencing costs RNA-seq is becoming more and more accessible and is slowly

replacing gene expression analysis using microarrays.

Several studies have compared the performance of gene expression microarrays and

RNA-seq (Marioni et al., 2008; Hoen et al., 2008; Malone and Oliver, 2011; Nookaew

et al., 2012). All studies found RNA-seq to correlate well with results from microarrays,

however, RNA-seq provides a wider range of expression levels and thus a more detailed

insight into gene expression. RNA-seq was further found to be more robust and show a

higher inter-lab portability (Hoen et al., 2008) and to be superior to microarrays in the

context of transcript discovery (Marioni et al., 2008; Nookaew et al., 2012; Malone and

Oliver, 2011).

Further comparisons between RNA-seq and exon arrays have found high correlations

on the level of exon expression estimated between the two methodologies (Bradford et

al., 2010; Raghavachari et al., 2012), but RNA-seq was superior for the detection of novel

features and isoforms.

1.2.2.1 RNA-seq experimental workflow

A typical RNA-seq experiment workflow consists of several steps (Figure 1.2). First,

ribosomal RNA (rRNA) has to be removed from the sample since it is the predominant

RNA species in a cell. Next RNA molecules get fragmented either before or after they

are reverse transcribed into double-stranded cDNA. Often a size selection step is per-

formed following adapter ligation and PCR amplification. The cDNA library can then
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RNA-seq workflow

1. Purify and capture mRNA from  tissue or cells using beads

2a. Fragment RNA 2b. Reverse transcribe to cDNA

3a. Reverse transcribe to
    cDNA  by random priming

3b. Fragment cDNA

4. Ligate sequencing adapters

5. High-throughput sequencing

AAAAAAA
TTTTTTT

AAAAAAA AAAAAAA
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Figure 1.2: RNA-seq experimental workflow. The initial step of RNA-seq is the purification of mRNA.
The RNA is either fragmented prior to reverse transcription (workflow a) or after reverse transcription
(workflow b). The double stranded DNA fragments are then ligated to sequencing adapters for the
subsequent sequencing on a next generation sequencer. Modified from Cullum et al., 2011.

be sequenced using for example the Illumina GenomeAnalyze or ABI SOLiD platforms.

In the following, the single steps of RNA-seq library preparation are described in more

detail.

Purification of mRNA Ribosomal RNA is the most abundant RNA species in the

cell (Karpinets et al., 2006) and it must be depleted during library preparation to

enrich for the RNA sequences of interest. Common methods are the enrichment

for mRNA using poly(A) selection or targeted removal of ribosomal RNA (O’Neil

et al., 2013). Two commonly used ribosomal depletion strategies are subtractive

hybridisation with rRNA specific probes and the digestion with exonuclease that

preferentially acts on rRNA (see He et al., 2010 for a comparison of these two

strategies).

RNA fragmentation Current sequencers are not able to sequence full length tran-

scripts. Therefore, RNA is fragmented to obtain fragments of 200 to 500 bp length.

Fragmentation can be achieved using RNA hydrolysis, nebulisation or sonication.
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It can also be performed after cDNA synthesis using DNAse I treatment or soni-

cation. However, this increases the likelyhood of 3′ bias within the data, as reverse

transcription using oligo-dT primers is often incomplete (Wang et al., 2009).

cDNA synthesis Most sequencers do not process RNA, but only double-stranded

DNA. Therefore, RNA fragments need to be reverse transcribed into DNA molecules,

which can be achieved through hybridisation of primers to the RNA sequence. In

the case of cDNA synthesis following RNA fragmentation, sequences of six random

bases (random hexamers) that bind to random positions within the RNA fragment

are commonly used. They can be combined with short sequences of Ts (oligo-dTs)

complementary to polyA tails. The sole use of oligo-dTs is only applicable if cDNA

synthesis is performed prior to fragmentation.

Adapter ligation and PCR amplification Before adapter ligation the cDNA is treated

to generate blunt ends, followed by ligation of adapter sequences to both ends of

the cDNA. PCR amplification is performed to create enough material to sequence.

Several adaptations of this general workflow exist. For example, fragment circula-

tion can be used to generate large-range paired-end data (Bentley et al., 2008) while

dUTP second strand marking can be used to preserve strand orientation. In a compar-

ison of different strand-specific RNA-seq protocols, the dUTP protocol performed most

favourable (Levin et al., 2010).

1.2.2.2 RNA-seq alignment

Challenges of RNA-seq mapping include dealing with reads that map to multiple places

in the genome and reads that span exon-intron junctions (Ozsolak and Milos, 2011). In

the early days of RNA-seq reads were often aligned against transcript sequences derived

from annotated genomes using a conventional, not splice-aware, aligner as for example

BWA or Bowtie (Li and Durbin, 2009; Langmead and Salzberg, 2012; Langmead et al.,

2009). This approach avoids the problem of having to split up reads if they span an exon-

intron junction. However, this simplification comes with a drawback: only annotated

transcripts can be detected. The potential of RNA-seq to detect novel isoforms of

annotated genes as well as unkown genes is then lost.
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In the last few years several alignment strategies tailored for the application of RNA-

seq data have been developed. One of the first methods was TopHat (Trapnell et al.,

2009), where initial read alignment against the genome using Bowtie (Langmead and

Salzberg, 2012; Langmead et al., 2009) is used to identify islands of read coverage (rep-

resenting potential exons). As a next step canonical splice signals (GT-AG, GC-AG and

AT-AC) are identified between islands to determine potential intron boundaries. Previ-

ously unmapped reads are then re-aligned against these. In a later version of TopHat,

reads longer than 76 bp are split into smaller segments, which are aligned indepen-

dently. Unmapped segments can then be placed by extending alignments of adjacent

segments (see supplement of Trapnell et al., 2010). To date, several spliced aligners

are available, including PALMapper (Jean et al., 2010), GSNAP (Wu and Nacu, 2010),

MapSplice (Wang et al., 2010a), and STAR (Dobin et al., 2013).

1.2.2.3 The Sequence Alignment/Map format

The Sequence Alignment/Map (SAM) format, a tab-delimited text format, has become

the standard way of storing sequence alignments (Li et al., 2009). It consists of an

optional header section and an alignment section. The header section contains basic in-

formation about the sequencing platform, which genome assembly the reads were aligned

against and which tool was used to obtain the alignment. The alignment section con-

tains one line per read mapped to a given reference sequence. Each alignment line has

eleven mandatory fields, as shown in Table 1.1. Besides the actual read position, the

line also contains information about other segments of a sequenced fragment such as the

other half of the read pair in paired-end sequencing. In the following three fields of the

SAM format are described that were used to calculate most of the alignment metrics in

Chapter 2.

The flag field indicates whether the data is single- or paired-end, along with other

information about the read mapping. In case of paired-end data the flag records whether

the current read is the first or second mate of a read pair; whether the other mate is

mapped as well; and to which strand the mate maps to. The flag can also be used to

flag an alignment as secondary in the case of multiple possible mappings for a read (see

Table 1.1 for a full list).
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The cigar string specifies whether the full read was mapped to the reference;

whether the alignment contains indels; and whether sequences at the start or end of

the read were clipped. Each of these possibilities are known as operations, and are ab-

breviated using a single upper-case letter, such as M, X or N (see Table 1.1 for a full

list).

In addition to the mandatory fields, each alignment line can contain an arbitrary

number of optional tags following the TAG:TYPE:VALUE format. The MD tag con-

tains more detailed information about mismatch positions and has to be consistent

with the cigar string. This tag enables SNP analysis without looking up the reference

sequence. Its format is described with the following regular expression: [0-9]+(([A-

Z]|\̂ [A-Z]+)[0-9]+)*. Not many aligners provide this optional tag. It can be added to

a SAM file using the SAMTools calmd functionality (Li et al., 2009).

1.2.2.4 Gene expression quantification

Read alignments are used to quantify gene expression levels. The raw gene read count

is defined as the number of reads that map to exons of known genes. These raw counts,

however, cannot be used to compare gene expression levels between genes within the

same sequencing run or the same gene between different sequencing runs. A long gene

will have a higher read count compared to a short gene expressed at the same level.

Equally, a gene will have a higher read count if the sequencing run resulted in 40M

reads instead of 20M reads.

Therefore, it is necessary to normalise the raw counts both for gene length and total

read number. One popular way of normalising raw counts for length and total number

of reads are RPKM values, which stands for reads per kilobase of exon model per million

mapped reads (Mortazavi et al., 2008). FPKM (fragments per kilobase of exon model

per million mapped fragments) values are the RPKM equivalent for paired-end data

where the two reads coming from one fragment are counted as one (Trapnell et al.,

2010). Several slight adaptations to this normalisation have been proposed, e.g., only

using uniquely mappable regions of genes for length normalisation (Lee et al., 2011).

Gene expression quantification is impaired by different biases present in RNA-seq

data. There are two main kind of biases: sequence dependent bias and positional bias.

The latter one can often be observed when cDNA synthesis is performed prior to frag-
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Table 1.1: The SAM format. The mandatory fields of the alignment line and description of the flag
and the cigar string (field 2 and 6 of the alignment line).

Alignment line:
Column Field Description

1 QNAME read name
2 FLAG bitwise flag
3 RNAME chromosome name
4 POS 1-based leftmost mapping position
5 MAPQ mapping quality
6 CIGAR cigar string
7 RNEXT chromosome name for next segment
8 PNEXT mapping position of next segment
9 TLEN template length
12 SEQ read sequence
11 QUAL read base quality

FLAG, bitwise flag:
Bit Description

0x1 template having multiple seqments in sequencing
0x2 each segment properly aligned according to the aligner
0x4 segment unmapped
0x8 next segment in the template unmapped
0x10 SEQ being reverse complemented
0x20 SEQ of the next segment in the template being reversed
0x40 the first segment in the template
0x80 the last segment in the template
0x100 secondary alignment
0x200 not passing quality control
0x400 PCR or optical duplicate

CIGAR, cigar string:
Operation Description

M alignment match (can be a sequence match or mismatch)
I insertion to the reference
D deletion from the reference
N skipped region from the reference
S soft clipping (clipped sequences present in SEQ)
H hard clipping (clipped sequences NOT present in SEQ)
P padding (silent deletion from padded reference)
= sequence match
X sequence mismatch
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mentation and priming is performed exclusively with oligo-dT primers, leading to a

3′-bias (Wang et al., 2009). Estimating the global bias and accounting for it can improve

gene expression estimates (Wu et al., 2011).

Sequence-dependent bias is when reads tend to have certain nucleotides overrepre-

sented at the start of their sequence. Using random hexamers for reverse transcription

seems to be the cause of this bias as the hexamers differ in their priming efficiency. Prim-

ing is therefore not entirely random, but some primers are more likely to hybridise than

others. There are several methods available to correct for this kind of bias when gener-

ating gene counts. These methods reweigh the count of each read alignment depending

on their sequence instead of counting each read alignments exactly once (Hansen et al.,

2010; Roberts et al., 2011b; Jones et al., 2012).

1.2.2.5 Differential gene expression analysis

Many tools for differential expression analysis work on raw counts. For differential ex-

pression analysis it is sufficient to normalise for total read count, whereas for absolute

expression estimates it is necessary to take both read count and gene length into account.

The expression of the same gene is compared within different condition or tissues and

therefore normalising for gene length is not necessary. Ideally the samples will have been

processed together, so any bias present in the data should affect all samples to a sim-

ilar degree and therefore not affect differential gene expression. Differential expression

analysis between data sets that have been generated using different library construction

protocols is more complicated and will require bias correction. Commonly used methods

for differential expression analysis are the Bioconductor (Gentleman et al., 2004) pack-

ages DESeq (Anders and Huber, 2010), DEGSeq (Wang et al., 2010b), edgeR (Robinson

and Smyth, 2007; Robinson et al., 2010), and baySeq (Hardcastle and Kelly, 2010).

The biological variance of a gene, that is the natural variance of expression levels of a

gene within the same conditions, has to be estimated to identify differentially expressed

genes. Accordingly, the usage of biological replicates is crucial for the estimation of bio-

logical variance. Originally, differential expression between conditions was tested using

a Poisson model for read counts. This model provides a good fit for technical repli-

cates (Marioni et al., 2008). However, samples from biological replicates show higher

variance than predicted by the Poisson model (Robinson et al., 2010; Anders and Hu-
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ber, 2010). The Negative Binomial (BN) distribution has been suggested to model read

counts across samples to capture this over-dispersion (Robinson et al., 2010). Most meth-

ods require biological replicates to estimate biological variation. DESeq, however, can

estimate variation by sharing information across genes. This will typically overestimate

the real variation in the data and lead to very conservative differential expression calls,

and is therefore not recommended whenever biological replicates are available (Anders

and Huber, 2010).

The aforementioned methods work on count data and do not consider ambiguously

mapped reads. They also do not consider gene structure and cannot identify isoform

switching, where genes are expressed at the same level in two or more conditions, but

where the major isoform is different. Another approach is to use a probabilistic method

to quantify transcript isoforms (Bohnert and Rätsch, 2010; Li and Dewey, 2011; Du

et al., 2012; Li et al., 2010) and subsequently use these isoform quantifications rather

than gene counts for differential expression analysis. Finally, there are methods that are

designated for the identification of differential expressed isoforms and isoform switching

from alignments given a gene model as rDiff (Drewe et al., 2013), cuffdiff (Trapnell et

al., 2012), MISO (Katz et al., 2010), DSGseq (Wang et al., 2013) and DEXSeq (Anders

et al., 2012; Reyes et al., 2013).

1.3 Studying protein-DNA interactions with ChIP

sequencing

The identification of chromatin modifications and protein-DNA interactions is essential

for a full understanding of transcriptional regulation. Mapping transcription factor bind-

ing sites, chromatin modifications or components of the core transcriptional machinery,

provides insights into the gene regulatory networks that control transcription.

Chromatin immunoprecipitation (ChIP) followed by either hybridisation to a mi-

croarray (ChIP-chip) or deep sequencing (ChIP-seq) enables the genome-wide detection

of protein-DNA binding events (Park, 2009; Pepke et al., 2009; Furey, 2012).
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1.3.1 ChIP-seq experimental workflow

A ChIP-seq workflow differs depending on the type of interaction of interest. To detect

binding sites of DNA-binding proteins, formaldehyde treatment crosslinks proteins to

the DNA onto which they are bound. The DNA is then fragmented using sonication

or digestion by exonucleases. Antibodies specific to the protein of interest are used to

enrich for the DNA-protein complex. After reversing the crosslinking the bound DNA

can be analysed using microarray technologies or next-generation sequencing.

To identify nucleosome positions or histone modifications, micrococcal nuclease (MNase)

digestion without prior crosslinking is more commonly used to fragment the DNA. It

removes linker DNA more efficiently than sonication and therefore allows more precise

mapping of single nucleosomes.

In order to identify significant binding sites, an additional control experiment is

performed. This can either use input DNA from the ChIP experiment or be derived using

an unspecific antibody. Only regions that show a statistically significant enrichment of

signal in the treatment experiment compared to the control experiment are regarded as

peaks.

1.3.2 Mapping strategy and peak detection

ChIP-seq produces DNA sequences that represent the protein-bound DNA. Therefore,

there is no need for spliced alignment and traditional DNA sequencer as Bowtie or

MAQ can be used to align the reads to the reference sequence (Langmead et al., 2009;

Langmead and Salzberg, 2012; Li et al., 2008a).

After obtaining an alignment, the next step is to find regions that are significantly

enriched in the ChIP sample compared to the control sample. Several so called ’peak

callers’ are available, as for example MACS (Zhang et al., 2008), PeakSeq (Rozowsky

et al., 2009), FindPeaks (Fejes et al., 2008) and PeakFinder (Glynn et al., 2004). The

simplest strategy for peak detection is to calculate the number of reads within a window

and the enrichment relative to the number of reads in the control. More advanced

methods make use of the directionality of the reads. As the fragments are sequenced

from the 5′ end, the positions of the aligned reads should form two distributions, one on

each strand, with a consistent distance between the two peaks of the distributions. A
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Non-histone ChIP
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Library construction

Histone ChIP

Sample fragmentation
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Figure 1.3: ChIP-seq experimental workflow. The specific DNA sites that interact with transcription
factors or other chromatin-associated proteins (non-histone ChIP) and sites that correspond to modified
nucleosomes (histone ChIP) can be profiled, using chromatin immunoprecipitation (ChIP) followed by
massive parallel sequencing. The ChIP process enriches the crosslinked proteins or modified nucleosomes
of interest using an antibody specific to the protein or the histone modification. Purified DNA can then
be sequenced on any of the next-generation platforms. (Modified from Park, 2009)
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combined profile is then calculated by shifting each distribution towards the center or

by extending all reads to an estimated fragment size and adding the fragments together.

This approach is mostly applicable to sharp peaks as for example transcription fac-

tor binding sites. ChIP-seq analysis of histone modifications typically results in much

broader peaks, which initially posed an additional challenge to peak detectors. Today

several specialised methods are available for the detection of broader peak domains (Xu

et al., 2008; Zang et al., 2009).

Statistical significance of a detected peak needs to account for enrichment relative

to the control sample as well as for the absolute number of reads. Both a Poisson or

a binomial model can be used for this purpose. Furthermore, peaks can be scored by

considering how similar the read distributions on the two strands are, and whether the

distance between the two peaks is close to the distance expected based on the fragment

length.

1.3.3 Downstream analysis

Following peak calling the downstream analysis depends on the biological process un-

der investigation. For transcription factor binding, a common follow-up analysis is the

detection of enriched sequence motifs. These motifs can indicate sequence-specific bind-

ing of transcription factors. To identify such motifs, the sequences of top-scoring peaks

is used by motif-finding algorithms such as Meme (Machanick and Bailey, 2011), MD-

Scan (Liu et al., 2002) and Weeder (Pavesi et al., 2004). To get more accurate results it

can be advantageous to select only the region surrounding the peak summits for motif

discovery. This can be done using PeakAnalyzer (Salmon-Divon et al., 2010), which fur-

thermore identifies individual peaks consisting of several merged peaks and splits them

into separate peaks. Once a motif has been identified, methods like TOMTOM can be

used to find similar known motifs (Gupta et al., 2007).

Several methods have been developed for more specialised tasks, as for example

identifying slight differences in motifs depending whether a certain cofactor is present

or not (Mason et al., 2010), detecting several binding modes within the same set of se-

quences (Narlikar, 2013); or the co-occurrence of transcription factor binding motifs (Ha

et al., 2012).
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Another common downstream analysis is the annotation of peaks to known genomic

features (Salmon-Divon et al., 2010; Shin et al., 2009). This can reveal whether a factor

predominantly maps to promoter regions, to exons or other features. More interestingly,

peaks can be annotated with potential target genes (Salmon-Divon et al., 2010; Zhu et al.,

2010; Shin et al., 2009; Cheng et al., 2011). However, close proximity does not always

indicate that a binding site has a functional role related to the most proximal gene.

A combinatorial approach integrating expression data as well can help to distinguish

between functional and non-functional binding events (Ouyang et al., 2009; Vallania et

al., 2009).

1.4 The biology of embryonic stem cells

The fertilised oocyte has the unique potential to generate all cell types of the developing

embryo as well as of the trophoblast, which generates the extra-embryonic tissue that

will build the placenta. The oocyte is therefore referred to as totipotent. Cells of the

inner cell mass (ICM, see Figure 1.4), at a later stage in embryonic development, lose

the ability to contribute to extra-embryonic tissues. However, these cells can still give

rise to all cell types of the growing embryo and are therefore referred to as pluripotent.

Embryonic stem (ES) cells are the pluripotent in vitro counterpart of cells in the

ICM (Nichols and Smith, 2012). These cells can be cultured in an undifferentiated state

indefinitely and can be differentiated in vitro into various cell types of the three primary

germ layers: the endoderm, mesoderm and ectoderm. These germ layers give rise to

all somatic cells in the adult organism, such as the stomach, colon, liver and pancreas

(endoderm), muscles and the hematopoietic system (mesoderm), and neurons and skin

cells (ectoderm). Upon injection into a blastocyst, ES cells contribute to all three germ

layers including the germ line of the embryo resulting in the formation of a chimeric

animal containing both cells derived from the original zygote and cells originating from

the injected stem cells.

The potential of pluripotent stem cells to generate all cell types of an adult body

makes them perfect candidates for cell therapy, where cells are introduced into a tissue

in order to replace defect or degenerated cells. However, this requires protocols to

efficiently differentiate stem cells into the desired cell type and to test their ability to

integrate and execute their function. For some cell types, it might not be possible to
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differentiate these cells outside of their normal environment and it will be necessary to

model their biological environment. Also it is extremely important to obtain highly pure

cell populations. Contamination with remaining undifferentiated stem cells might lead

to tumour formation following cell implantation.

There are ethical implications of deriving human ES cells as their derivation requires

the destruction of a human embryo (Ramalho-Santos, 2011). Therefore, initially research

focused on the use of adult stem cells for clinical purposes as they can be derived for

example from bone marrow and blood and also decrease the risk of cells being rejected

after implantation. Adult stem cells have been used to treat spinal cord injuries, liver

cirrhosis and peripheral vascular disease (Dedeepiya et al., 2012; Terai et al., 2006;

Subrammaniyan et al., 2011). The success of these initial cell therapies has lead to

the creation of stem cell banks, where people can store their adult stem cells for later

use. However, adult stem cells often have limited differentiation potential and cannot

generate any required cell type.

More recently, the discovery of induced pluripotent stem (iPS, Takahashi and Ya-

manaka, 2006; Takahashi et al., 2007) cells has revolutionised the field as they enable the

generation of patient-specific stem cells from for example the patient’s skin cells. How-

ever, before iPS cells can be routinely used for cell therapy more efficient reprogramming

protocols are needed and the differentiation potential of iPS cells has to be studied. It

is still unclear to what extent iPS cells are identical to truly pluripotent stem cells and

whether they can efficiently be differentiated into any cell type, or whether they retain

epigenetic memory of their origin, which may bias subsequent differentiation.

Therefore, there remains a need to study how pluripotency is established and main-

tained in the embryo and their in vitro counterpart embryonic stem cells. Gaining a

deeper understanding of the pluripotent state will also improve our understanding of

the medical potential of induced pluripotent stem cells and enable the development of

more efficient reprogramming protocols.

To study the pluripotent state, it is important to study the set of active genes and

their regulation in embryonic stem cells. Gene expression is regulated on several levels.

Epigenetic modifications, such as DNA methylation and chromatin modification, regu-

late the accessibility of genes for the transcriptional machinery, and DNA-binding pro-

teins can further activate or repress transcription. The translation and degeneration rate

of the mRNA can be modified by RNA-binding proteins post-transcriptionally, thereby
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Figure 1.4: Embryonic stem cells are derived from the pre-implantation ICM. Depicted is the devel-
opment of the mouse embryo during embryonic days 2.5 to 6 (E2.5-E6). Pluripotent cells are marked
in green. Embryonic stem cells are derived from the pre-implantation blastocyst between time point
E3-E4. At this stage in vivo implantation occurs. EpiSCs can be derived from the post-implantation
epiblast (E5-E6). Modified from Boiani and Schöler, 2005.

regulating the amount of protein synthesised from a given mRNA. Finally, proteins can

be activated, inactivated or marked for degradation by post-translational modifications,

such as phosphorylation. This results in a very complex interconnected regulatory net-

work stabilising the pluripotent state. Many recent studies have focused on gene regula-

tion through DNA methylation, histone modifications and transcription factor binding

in embryonic stem cells to gain insights into their regulatory network.

1.4.1 Types of pluripotent stem cells

Embryonic stem cells can be derived from the ICM of the pre-implantation blastocyst

(see Figure 1.4, Evans and Kaufman, 1981; Martin, 1981). These cells can be maintained

indefinitely in an undifferentiated state when grown in co-culture with fibroblastic feeder

cells and in the presence of calf serum.

Feeder cells secrete leukaemia inhibitory factor (LIF) and supplementing the culture

media with LIF enables the maintenance of ES cells in the absence of feeders (Smith and

Hooper, 1987; Smith et al., 1988; Williams et al., 1988). LIF activates the transcription
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Figure 1.5: Signalling pathways involved in ES cell maintenance. LIF and BMP4 signalling maintain
ES cell pluripotency by repressing differentiation along the primitive endoderm and the trophectoderm
lineage, respectively. Modified from Boiani and Schöler, 2005.

factor Stat3 and causes its translocation into the nucleus where it activates expression

of its target genes (Niwa et al., 1998; Matsuda et al., 1999). However, LIF signalling

alone is insufficient to maintain ES cells in the absence of fetal calf serum, but BMP4

(bone morphogenic protein 4) together with LIF-induced Stat3 activation can sustain

ES cells self-renewal in the absence of serum (Ying et al., 2003). In LIF alone, ES cells

will eventually differentiate into neuroectoderm, while in BMP4 alone, they differentiate

into non-neural lineages (Ying et al., 2003). This suggests that LIF and BMP4 support

self-renewal by repressing differentiation along different lineages (Figure 1.5).

Another way of preventing the differentiation of ES cells is the inhibition of the

mitogen-activated protein kinase (MAPK) and the glycogen synthase kinase 3 (Gsk3)

using two small chemical inhibitors PD03 and Chiron (Ying et al., 2008; Wray et al.,

2010). These culture conditions, commonly referred to as 2i, lead to major advances

in the field. For the very first time it enabled the derivation of ES cells from hitherto

recalcitrant strains, such as non-obese diabetic (NOD) mice embryos (Nichols et al.,

2009), as well as the derivation of the first germline-competent rat ES cells (Li et al.,

2008b; Buehr et al., 2008). It has been reported that the 2i system can also be used
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Table 1.2: Characteristics of different pluripotent stem cells. Comparing the main characteristics of
mouse ES cells and EpiSCs as well as human ES cells. Xa - active X chromosome; Xi - inactivated X
chromosome

Properties Mouse ES cells Mouse EpiSCs Human ES/iPS cells

Origin ICM Epiblast ICM
Morphology Dome shaped Flat Flat
Clonogenicity High efficiency Low efficiency Low efficiency
Passaging Insensitive Sensitive Sensitive
Contribution to chimaera High efficiency Very low efficiency N/A
Female X Inactivation XaXa XaXi XaXi
Culture condition LIF/Stat3 TGFβ/Activin TGFβ/Activin

to derive ES cells morphologically similar to mouse and rat ES cells from chicken and

gecko (Nakanoh et al., 2013), suggesting that the mechanisms regulating pluripotency

and the exit from the pluripotent state date back to the common ancestor of mammals,

birds and reptiles.

Another type of pluripotent cells can be derived from the post-implantation epiblast

(see Figure 1.4, Tesar et al., 2007; Brons et al., 2007). These post-implantation epiblast-

derived stem cells (EpiSC) can robustly differentiate into the major somatic cell types as

well as germ cells. However, EpiSC differ from mouse ES cells in their epigenetic state

and culture requirements; they are dependent on FGF2 and activin. Furthermore, they

exhibit lower clonogenicity efficiency than mouse ES cells and do not contribute effec-

tively to chimeric animals unless they are injected into postimplantation embryos (Huang

et al., 2012). Therefore they are referred to as primed pluripotent cells in contrast to

the naive pluripotent mouse ES cells (Nichols and Smith, 2009; Nichols and Smith,

2012). However, culturing EpiSCs in high density on feeder cells and in the presence of

serum/LIF, or in 2i/LIF, can reprogram EpiSCs to ES cells at low frequency (Hayashi

and Surani, 2009; Bernemann et al., 2011).

The first primate ES stem cells were obtained from the rhesus macaque blasto-

cyst (Thomson et al., 1995) and the common marmoset (Thomson et al., 1996). Using

embryos from in vitro fertility treatment, the first human ES cell lines were derived

in 1998 (Thomson et al., 1998). However, these cell lines exhibit several differences to

mouse ES cells. They are not LIF responsive (Dahéron et al., 2004; Sumi et al., 2004;

Humphrey et al., 2004) and are reliant on FGF and activin. These observations were
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commonly attributed to species-specific differences. However, Austin Smith suggested

that the human pluripotent cells might represent a later stage of embryonic development,

rather than the human equivalent of mouse ES cells (Smith, 2001). The later discovery

of EpiSCs supports this position as they share several characteristics with primate ES

stem cells, see Table 1.2.

Mouse fibroblasts can be reprogrammed into a pluripotent like state through forced

expression of four transcription factors: Oct4, Sox2, Klf4 and c-Myc, often referred

to as the Yamanaka reprogramming factors (Takahashi and Yamanaka, 2006). These

induced pluripotent stem cells (iPS cells) are able to contribute to chimeric animals.

Human iPS cells can be obtained using the same four factors (Takahashi et al., 2007).

However, reprogramming occurs at low efficiency and often via a partial reprogrammed

state (pre-iPS cells), where the second X-chromosome (in female cells) has not been

inactivated yet and endogenous Oct4 and Nanog are not stably expressed (Silva et al.,

2008; Theunissen et al., 2011). Culturing pre-iPS cells in 2i/LIF supplemented media

leads to fully reprogrammed iPS cells (Silva et al., 2008; Theunissen et al., 2011). It

remains unclear how closely iPS cells resemble ES cells and whether they have the same

developmental potential. If iPS cells retain some epigenetic memory of their origin, this

can bias subsequent differentiation (Bar-Nur et al., 2011; Kim et al., 2010; Hu et al.,

2010).

Human iPS cells share several features with EpiSC (see Table 1.2). Adding Nanog to

the Yamanaka reprogramming factors (Takahashi and Yamanaka, 2006) during repro-

gramming can generate iPS cells that display morphological, molecular and functional

properties of murine ES cells (Buecker et al., 2010). Similarly, ectopic expression of

Oct4, Klf4 and Klf2 can convert human ES cells into cells which are more similar to

mouse ES cells and can be maintained in 2i media supplemented with LIF (Hanna et

al., 2010). Wang et al. show that a combination of the four Yamanaka reprogramming

factors (Takahashi and Yamanaka, 2006) together with expression of RAR-γ and Lrh-

1 accelerates reprogramming and generates human iPS cells which resemble mouse ES

cells in gene expression and signalling dependency (Wang et al., 2011). However, all these

’naive’ human ES cells are dependent on the expression of the transgene and become

unstable in the absence of transgene expression.

Transgene independent promotion of human naive pluripotent stem cells can be es-

tablished using defined conditions called naive human stel cell medium (Gafni et al.,
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2013). It consists of 2i/LIF, p38i, JNKi together with FGF2 and TGF-β1 cytokine sup-

plementation and Rho-associated coiled-coil kinases and protein kinase C inhibitors and

enables the derivation of human pluripotent stem cells with similar characteristics to

naive mouse ES cells in the absence of transgene expression.

1.4.2 Epigenetic landscape of embryonic stem cells

DNA methylation is defined as the addition of a methyl group to cytosine or adenine

nucleotides of the DNA. This epigenetic mark is sustained through cell division and one

of the main mechanisms for the stable maintenance of gene expression patterns through

mitotic cell division (Holliday and Pugh, 1975). It is associated with gene silencing,

imprinting and X-chromosome inactivation (Urnov and Wolffe, 2001; Wolffe and Matzke,

1999). Several studies have compared the methylation patterns in ES cells to those in

differentiated cells and showed that they change during differentiation (Shiota et al.,

2002; Meissner et al., 2008; Farthing et al., 2008; Laurent et al., 2010; Hawkins et al.,

2010). For example, promoter regions of pluripotency factors are hypomethylated in ES

cells and hypermethylated in differentiated cells (Farthing et al., 2008). Already EpiSC

exhibit a different methylation pattern from ES cells (Senner et al., 2012). The 2i culture

condition maintains the ES methylation pattern via Prdm14-mediated repression of de

novo DNA methyltransferases (Leitch et al., 2013; Yamaji et al., 2013; Ficz et al., 2013).

DNA methylation is associated with chromatin modifications (Meissner et al., 2008;

Hawkins et al., 2010). Chromatin structure and its modifications provide another level of

gene expression regulation by modulating the accessibility of the DNA to the transcrip-

tional machinery (Kouzarides, 2007). Embryonic stem cells exhibit significantly different

epigenetic profiles compared to differentiated cells (Serrano et al., 2013; Mikkelsen et al.,

2007). They are generally known to have a more open chromatin structure and more

dynamic change-over rate of chromatin proteins (Meshorer et al., 2006). Activating chro-

matin marks as AcH3 and AcH4 and H3K36me2 and H3K4me3 are increased in ES cells

and iPS cells compared to somatic cells (Meshorer et al., 2006), while the repressing

mark H3K9me3 is reduced (Wen et al., 2009; Krejćı et al., 2009; Hawkins et al., 2010).

Consistent with these observations, undifferentiated cells display a more global tran-

scription pattern than differentiated cells (Efroni et al., 2008; Guenther et al., 2007;

Golan-Mashiach et al., 2005).
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Also non-expressed lineage-specific genes are associated with high levels of the acti-

vating chromatin marks H3K4me3 and AcH3 in ES cells. However, these markers of open

chromatin are often found in combination of the repressing mark H3K27me3 (Azuara

et al., 2006; Bernstein et al., 2006; Rugg-Gunn et al., 2010). These so called bivalent

domains are thought to poise lineage-specific genes for expression in ES cells to respond

quickly to differentiation cues. Under self-renewing conditions they are held in check by

the opposing chromatin mark. Another study that compared the epigenetic pattern in

mouse ES cells cultured in LIF and serum with ES cells maintained in LIF and 2i, showed

that bivalent domains are more frequent in LIF and serum culture conditions (Marks

et al., 2012). Instead of repressing chromatin marks, in 2i lineage specific genes were

held in check by polymerase pausing (Marks et al., 2012).

Chromatin modifications have been directly linked to the pluripotency network.

Oct4 positively regulates the H3K9me2 and H3K9me3 demethylase genes Jmjd1a and

Jmjd2c (Loh et al., 2007). Oct4 also binds together with Stat3 to the promoter of Eed,

inducing its expression (Ura et al., 2008). Eed is part of the polycomb repressive com-

plex 2 (PRC2), which targets developmental genes for silencing by H3K27me3 (Boyer

et al., 2005). While polycomb is required for differentiation it is dispensable for ES cell

self-renewal (Chamberlain et al., 2008). Stat3 also directly interacts with the chromatin

remodelling ATPase Brg1 (Ni and Bremner, 2007).

1.4.3 The transcription factor network of pluripotency

The undifferentiated state of ES cells is governed by a regulatory network of transcrip-

tion factors (Boiani and Schöler, 2005). Oct4, Sox2 and Nanog are thought to be at the

center of this network (Boyer et al., 2005; Loh et al., 2006; Zhou et al., 2007). Chro-

matin immunoprecipitation coupled with DNA microarrays showed that these three

transcript factors co-occupy a substantial proportion of their target genes, including

themselves (Boyer et al., 2005). Many of the targets encode developmentally important

transcription factors. Notably, Oct4 and Sox2 are also two of the four reprogramming

factors (Takahashi and Yamanaka, 2006) and are thus critical for the establishment of

the pluripotent state.

Oct4 (also known as Pou5f1) is a POU domain-containing transcription factor essen-

tial to ES cells and early embryonic development (Nichols et al., 1998). Oct4 knock-out

25



Chapter 1. Introduction

in ES cells induces differentiation towards the trophectodermal lineage, while 2-fold

overexpression leads to differentiation into primitive endoderm-like cells (Nichols et al.,

1998; Niwa et al., 2000). Recently it has been shown that a low expression level of

Oct4 stabilises pluripotency while a high expression level enables effective differentia-

tion (Karwacki-Neisius et al., 2013; Radzisheuskaya et al., 2013).

Oct4 interacts with many components of the pluripotency network (Berg et al., 2010;

Pardo et al., 2010). However, its main interaction partner is Sox2 and together they co-

bind many target genes (Boyer et al., 2005). A joint Oct4-Sox2 binding motif is enriched

within the promoter sequences of shared target genes (Loh et al., 2006). Deletion of

Sox2 causes ES cells to differentiate along the trophectodermal lineage, similar to Oct4

deletion (Masui et al., 2007). Surprisingly, expression of many Oct4 and Sox2 target

genes is not affected by Sox2 deletion, but Sox2 is required for the maintenance of

Oct4 expression. Consistent with this, enforced Oct4 expression can rescue ES cells

from differentiation induced by Sox2 deletion (Masui et al., 2007). Overexpression of

Sox2 will induce differentiation of ES cells even in self-renewing conditions (Kopp et al.,

2008).

While Oct4 and Sox2 need to be expressed at a defined level and both deletion

and overexpression will cause differentiation of ES cells, overexpression of Nanog can

maintain mouse ES cells in a pluripotent state even in the absence of LIF (Chambers

et al., 2003; Mitsui et al., 2003). Nanog-null ES cells on the other hand differentiate into

parietal endoderm-like cells (Mitsui et al., 2003).

In recent years this core regulatory network has been extended with additional tran-

scription factors. Rex1 (also known as Zfp42) is a transcription factor expressed in

ground state pluripotency, but is rapidly downregulated once the cells become primed

to differentiate. Therefore, it is often used to monitor the pluripotent state of ES

cells (Marks et al., 2012; Martello et al., 2012). The Krueppel factors Klf2, Klf4 and

Klf5 enhance ES cell self-renewal (Li et al., 2005; Hall et al., 2009; Jiang et al., 2008).

Notably, Klf4 is one of the Yamanaka reprogramming factors (Takahashi and Yamanaka,

2006) and forced Klf4 expression can revert EpiSC to ES cells (Guo et al., 2009). The

transcription factor Esrrb is required to mediate the self-renewal response to Gsk3 inhibi-

tion and its forced expression can mimic Gsk3 inhibition (Martello et al., 2012). Prdm14

regulates the DNA methylation pattern in ES cells by repressing the expression of de

novo DNA methyltransferases (Leitch et al., 2013; Chia et al., 2010; Yamaji et al., 2013;
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Ficz et al., 2013). Many of these transcription factors have highly overlapping target

genes (Kim et al., 2008; Chen et al., 2008; Kidder et al., 2008; Marson et al., 2008; Ang

et al., 2011; Whyte et al., 2013). In addition, miRNAs play a major role in this regu-

latory network by fine-tuning the expression levels of several pluripotency transcription

factors (Mallanna and Rizzino, 2010; Marson et al., 2008; Tay et al., 2008).

1.4.4 Pathways involved in stem cell maintenance and differ-

entiation

Signalling pathways communicate extrinsic and intrinsic signals to the gene regulatory

machinery enabling the cells to respond to outer cues. The activation of different path-

ways leads to the maintenance of the pluripotent state or to the initiation of differen-

tiation. The most important signalling pathways involved in stem cell maintenance are

the Jak/Stat pathway, the Wnt-pathway and the PI(3)K pathway (Hirai et al., 2011).

All three pathways have been reported to enhance ES cell self-renewal. However, the

detailed mechanisms and the overlap between these three pathways are not yet fully

understood.

1.4.4.1 Jak/Stat3-pathway

LIF signalling is mediated via heterodimerisation of the low affinity LIF receptor and

gp130, a common receptor subunit of the interleukin (IL)-6 cytokine family (Yoshida et

al., 1994). Heterodimerisation of the LIF receptor and gp130 leads to phosphorylation

and activation of associated JAK tyrosine kinases (Figure 1.6, Stahl et al., 1994). This

in turn causes phosphorylation of tyrosine residues of gp130, leading to the activation

of MAP ERK signalling cascade and the phosphorylation of Stat3 (Boeuf et al., 1997;

Akira et al., 1994; Burdon et al., 2002; Hirai et al., 2011). Phophorylated Stat3 dimerises,

enters the nucleus where it activates the expression of its target genes (Boeuf et al., 1997;

Zhong et al., 1994; Burdon et al., 2002; Bourillot et al., 2009).

Mutational analyses of the receptors and the use of a dominant-negative Stat3 con-

struct revealed Stat3 activation as the main mediator of enhanced stem cell self-renewal

upon LIF stimulation (Niwa et al., 1998). Further mutational analysis of gp130 showed

that gp130-mediated SHP2 and MAP kinase activation is dispensable for the self-renewal

of ES cells (Matsuda et al., 1999). Artificial activation of Stat3 using a hormone inducible
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Figure 1.6: The Jak/Stat3 signalling pathway. The LIF receptor and gp130 receptor heterodimerise
after LIF binding. This results in the phsophorylation of associated JAL tyrosine kinases which in return
leads to phosphorylation of gp130. This causes activation of Stat3 which dimerises and translocates to
the nucleus where it activates its target genes. Modified from Hirai et al., 2011.

Stat3 construct (Matsuda et al., 1999) or mutation of tyrosine 118 of gp130 (Burdon et

al., 1999) demonstrated that Stat3 activation is sufficient to maintain an undifferentiated

state of ES cells.

The main pathway downstream of LIF is the Jak/Stat3 pathway. However, LIF

also activates the MAPK and the PI(3)K pathway via JAK (Niwa et al., 2009; Griffiths

et al., 2011; Welham et al., 2007). Activation of the MAPK pathway typically drives

differentiation. Blocking differentiation by MAPK inhibition is one main mechanism of

the 2i system (as described in Section 1.4.1, Ying et al., 2008). The PI(3)K pathway on

the other hand is promoting self-renewal (Niwa et al., 2009; Welham et al., 2007).

The JAK/Stat3 pathway plays an important role in both the induction and mainte-

nance of the pluripotent state, and LIF is routinely used to convert primordial germ cells

into pluripotent embryonic germ (EG) cells (Matsui et al., 1992; Resnick et al., 1992).

Yang et al. showed that EpiSC (Brons et al., 2007; Tesar et al., 2007) can be repro-

grammed to ES cells by transient activation of Stat3 even in the presence of FGF and

Activin, which instruct and maintain the primed state (Yang et al., 2010; Oosten et al.,

2012). Reprogramming using the canonical reprogramming factors (Oct4, Klf4, Sox2,
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c-Myc, Takahashi and Yamanaka, 2006) is greatly enhanced by Stat3 activation even

in the presence of antagonistic cues like FGF-Erk signalling (Oosten et al., 2012). On

the other hand, inhibition of the LIF/Stat3 pathway abolishes iPS cell generation (Tang

et al., 2012).

1.4.4.2 Canonical Wnt-pathway

The canonical Wnt signalling pathway is activated by the binding of Wnt ligands to

the Frizzled and low-density lipoprotein receptor-related protein. Its activation can

promote self-renewal even in conditions that induce differentiation (Sato et al., 2004).

Although Wnt signalling activates Stat3 (Hao et al., 2006), the self-renewal effect of

Wnt activation was demonstrated to be LIF/Stat3 independent (Sato et al., 2004). Wnt

enhances self-renewal by stabilising β-catenin and protecting it from Gsk3 mediated

phosphorylation. Phosporylation of β-catenin leads to its ubiquitylation and subsequent

degradation. Wnt signalling further causes β-catenin to translocate to the nucleus where

it interacts with the transcription factor Tcf3 (Molenaar et al., 1996). Tcf3 co-localises

with pluripotency factors and and holds the expression levels of their target genes in

check, thereby balancing between pluripotency and differentiation (Cole et al., 2008).

Consequently, Tcf3-null ES cells show increased resistance to differentiation (Pereira

et al., 2006; Guo et al., 2011). For some time, the main mechanisms of β-catenin was

believed to be the conversion of Tcf3 from a repressor to an activator. However, it has

been shown that a truncated β-catenin lacking the transactivation domain is sufficient

to promote ES cell self-renewal, indicating that β-catenin stabilises ES cell self-renewal

by de-repression of Tcf3 targets rather than activation (Wray et al., 2011).

Gsk3 inhibition, as used in the 2i culture condition, thus activates the canonical

Wnt/β-catenin signalling pathway to promote stem cell self-renewal (Sato et al., 2004;

Wray et al., 2011). While β-catenin is not necessary for ES cell self -renewal, its absence

eliminates the self-renewal response to chiron (Wray et al., 2011). Esrrb is one of the key

targets of Tcf3 mediated repression and its expression is essential for the self-renewal

response to chiron (Martello et al., 2012).
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1.4.4.3 PI(3)K-pathway

Beside the Jak/Stat3 pathway, LIF also induces the PI(3)K pathway which leads to

the activation of the AKT serine/threonine kinases (Paling et al., 2004). These stabilise

ES cell self-renewal by Gsk3β inhibition (Storm et al., 2009; Storm et al., 2007) and

upregulation of pluripotency factor Tbx3 (Niwa et al., 2009). The PI(3)K pathway also

feeds back into the Jak/Stat3 pathway (Ohbayashi et al., 2007). Watanabe et al. report

that PI(3)K activation is sufficient to maintain pluripotency (Watanabe et al., 2006).

As LIF-induced activation of the PI(3)K pathway is, however, not sufficient to maintain

Stat3-/- cells self-renewing, this indicates that self-renewal mediated by PI(3)K activa-

tion is dependent on Stat3. Stat3-/- cells are strictly dependent on 2i and cannot be

maintained with LIF (Martello et al., 2013).

1.5 Aims of the analyses

Since the advent of the RNA-seq technology a wide variety of software packages have

been developed for the analysis of this kind of data. The first step of most RNA-seq

analysis pipelines is the alignment of the data to a reference genome or transcriptome.

The alignment of reads spanning exon-intron boundaries poses an extra challenge to

the aligner when aligning against a genome. Splitting up reads to map individual seg-

ments across splice junctions increases the risk of spurious alignments. In the first part

of my thesis I used RNA-seq data from H. sapiens and M. musculus to compare the

performance of a comprehensive set of spliced aligners (including unpublished meth-

ods such as GSTRUCT or an unreleased version of BAGET) on different aspects, from

simple statistics as alignment yield to the influence of alignments on subsequent tran-

script reconstruction. The human data sets included simulated data, enabling accurate

sensitivity and precision calculations for read placement, junction discovery and the

identification of small indels.

The ultimate goal of RNA-seq analysis is the identification of the set of expressed

transcript isoforms and their quantification. This requires that reads are assembled

into transcripts. Most methods make use of read alignments to the reference genome.

Some de-novo methods, however, assemble the reads directly into transcripts without

the use of a reference genome. In the second part of my thesis, I used RNA-seq data

30



Chapter 1. Introduction

from H. sapiens, D. melanogaster and C. elegans to assess the performance of several

transcript reconstruction methods, including alignment-based methods as well as de-

novo methods. The reconstructed transcript isoforms were compared to high-quality

annotations (filtered to include only expressed isoforms) to assess the ability of methods

to detect exons, genes and their isoforms. As these three organisms differ in transcript

diversity, the influence of transcriptome complexity on the transcript assembly can be

analysed. Transcript quantification was compared between methods and quantification

accuracy was assessed using NanoString data.

In the last part of my thesis, I studied the response of mouse ES cells to LIF signalling

using a combination of RNA-seq and ChIP-seq data. LIF-dependent Stat3 activation

plays an important role in the maintenance of mouse ES cells in culture. Several Stat3

downstream targets have been identified, but none are essential for LIF/Stat3-mediated

ES cell self-renewal. This suggests that Stat3 activates a set of target genes with cross-

compensatory functionality. Another possibility is the presence of a master regulator

downstream of Stat3 that has yet to have been revealed. Through integrated analy-

sis of RNA-seq and ChIP-seq data, I aimed to identify Stat3 targets involved in ES

cell self-renewal. Furthermore, I incorporated public available ChIP-seq data for other

pluripotency factors to gain insight in to the mechanisms of Stat3 mediated gene acti-

vation.
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Chapter 2

Comparing Alignment methods for

RNA-seq data

2.1 Introduction

The recent development of RNA sequencing (RNA-seq) has generated the need for soft-

ware tailored to the requirements of partial transcript sequencing. Over the last few

years a large number of aligners specialised for the application of RNA-seq data have

been developed as have methods for further downstream analysis, as for example meth-

ods for transcript reconstruction and quantification which are discussed in Chapter 3.

2.1.1 Basics of RNA-seq alignment

There are two fundamentally different approaches to RNA-seq analysis. Fragmented

transcript reads can be assembled into transcripts using a de-novo transcriptome assem-

bler, such as TransAbyss, Trinity or Oases (Schulz et al., 2012; Grabherr et al., 2011;

Robertson et al., 2010). This method is the only available approach when analysing data

for species for which the reference genome has not yet been determined. However, for

species with a sequenced reference genome, such as H. sapiens and most model organ-

isms, the more common approach is to map reads to the reference genome or annotation

based transcriptome. The latter approach was commonly used in some of the earliest

mammalian RNA-seq studies as it enabled the alignment with a contiguous DNA aligner

as Bowtie, BWA or SSAHA2 (Langmead et al., 2009; Li and Durbin, 2009; Ning et al.,
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2001). This approach. however, prevented the identification of novel transcribed features

which is one of the main advantages of RNA-seq over microarray analysis.

Therefore the advent of RNA-seq resulted in the development of a new generation

of spliced alignment methods improving on earlier spliced alignment programs such as

BLAT (Kent, 2002). The two main challenges of RNA-seq read alignment are the map-

ping of reads across exon-intron boundaries and resolving ambiguity if reads match to

multiple genomic locations. To improve the mapping across introns a two-step approach

can be implemented, where initial read alignments are analysed to discover exon bound-

aries, which are then used to guide final alignment. Similarly, many methods can be

provided with known splice sites from existing annotations. To determine the origin

of reads that map to multiple genomic locations, many aligners make use of base call

quality scores as well as the density of uniquely mapped read surrounding ambiguously

mapped reads.

2.1.2 The benchmark

The performance of 26 RNA-seq alignment protocols was assessed on real and simulated

data for human and mouse transcriptomes. To ensure that programs were executed in

the intended manner and with appropriate settings, developers were invited to run their

aligners and submit results for evaluation as part of the RNA-seq Genome Annotation

Assessment Project (RGASP). The set of evaluated aligners includes eight spliced align-

ment programs (GEM (Marco-Sola et al., 2012), GSNAP (Wu and Nacu, 2010), Map-

Splice (Wang et al., 2010a), PALMapper (Jean et al., 2010), PASS (Campagna et al.,

2009), ReadsMap, STAR (Dobin et al., 2013) and TopHat (Trapnell et al., 2009)) and

two alignment pipelines (GSTRUCT and BAGET). GSTRUCT is based on GSNAP,

while BAGET is an implementation of the strategy used in the earliest mammalian

RNA-seq studies (Sultan et al., 2008; Cloonan et al., 2008; Mortazavi et al., 2008) where

reads are mapped with a contiguous DNA aligner to the genome as well as to a library of

exon junction sequences based on genome annotation. To compare the spliced alignment

programs with a contiguous aligner SMALT was included in this study. SMALT can

map reads in a split manner, but cannot determine precise exon-intron boundaries. This

study demonstrates how important the choice of alignment software is for the interpre-
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Table 2.1: RNA-seq data sets used for the evaluation. Repl.=replicate

Name ID Organism Fragments Lanes

K562 whole cell repl. 1 LID16627 Human cell line 113588758 3
K562 whole cell repl. 2 LID16628 Human cell line 119053315 3
K562 cytoplasmic fraction repl. 1 LID8465 Human cell line 124826068 3
K562 cytoplasmic fraction repl. 2 LID8466 Human cell line 88445339 3
K562 nuclear fraction repl. 1 LID8556 Human cell line 117113622 3
K562 nuclear fraction repl. 2 LID8557 Human cell line 105769104 3
Mouse brain mouse Mouse strain C57B6 57187342 2
Simulation 1 sim1 Human 40000000 n.a
Simulation 2 sim2 Human 40000000 n.a

tation of RNA-seq data and identifies aspects of the spliced alignment problem that still

need to be addressed.

2.1.3 Outline

In order to assess the quality of several commonly used RNA-seq aligners, their perfor-

mance was compared using different metrics. This project was a highly collaborative

effort and a manuscript has been accepted for publication by Nature Methods1. The

artificial data was generated by Botond Sipos, European Molecular Biology Laboratory,

European Bioinformatics Institute, Cambridge UK, and Gregory Grant, Department of

Genetics and the Penn Center for Bioinformatics, University of Pennsylvania, Philadel-

phia USA. TopHat alignments were created by Pär Engström, European Molecular Biol-

ogy Laboratory, European Bioinformatics Institute, Cambridge UK. The post-processing

of bam files was performed by Pär Engström and me. Pär Engström calculated align-

ment yields and alignment accuracy for the simulated data sets. Botond Sipos calculated

the fraction of reads falling within annotated features as exons and introns. I calculated

positioning and numbers of indels, mismatches and introns and performed the Cufflinks

analysis. Supplemental information for this project can be found in Appendix A.

1Engström P, Steijger T, Sipos B, Grant G, RGASP Consortium, Goldman N, Hubbard T, Harrow
J, Guigo R and Bertone P. Systematic evaluation of spliced aligners for RNA-seq, Nature
Methods (in Press)
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2.2 Results

The data sets used for the evaluation were Illumina 76 nt paired-end RNA-seq data from

the human leukemia cell line K562 (1.3x109 reads), mouse brain (1.1x108 reads) and two

simulated human transcriptome data sets (8.0x107 reads). For more details see Table 2.1.

Nine development teams participated in the evaluation. They run their own software and

provided their alignment results for benchmarking. Most of them submitted alignments

using several protocols, corresponding to different ways of running their software, that

is different parameter choices. Additionally, two versions of the widely used RNA-seq

aligner TopHat were included in the analysis.

A comprehensive set of metrics, aiming to assess a wide range of attributes was cal-

culated. These metrics range from very basic characteristics such as the percentage of

aligned reads, to more advanced ones such as splice junction detection. Some of the

metrics used in this study have been described before as for example basewise accu-

racy (Dobin et al., 2013; Grant et al., 2011; Langmead and Salzberg, 2012). Results on

key metrics are summarised in Table 2.2.

2.2.1 Alignment yield

One of the most basic attribute of an alignment is the percentage of mapped reads.

Methods differed substantially in their alignment yield. The proportion of read pairs

with reported alignments ranged from 42.4% to 96.7% for the K562 data. For detailed

numbers refer to Table A.1. When considering whether both mates of a read pair were

mapped and whether they were mapped uniquely or ambiguously, protocols showed even

greater variation (Figure 2.1).

TopHat, ReadsMap, PASS and the conservative PALMapper protocol showed the

highest fraction of read pairs with only one mate mapped. PALMapper output contained

a high fraction of read pairs where one or both reads of a pair were ambiguously mapped.

GEM also reported a high proportion of ambiguously mapped reads, however, typically

both mates were mapped ambiguously (37% of sequenced reads per data set on average).

The conservative PALMapper protocol showed reduced mapping ambiguity compare to

the other PALMapper protocols, but still higher levels of ambiguity compare to most

other methods. These trends were consistent across all data sets (Figure 2.1). To
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Figure 2.1: Alignment yield. Percentage of sequenced or simulated read pairs (fragments) mapped
by each protocol, for the four data sets used in this study. Read pairs are classified by the number of
alignments reported per read. Read pairs with both mates unmapped were excluded. Protocols are
groups by the underlying alignment program (grey shading). Protocol names contain the suffix “ann”
if annotation was used. The suffix “cons” distinguishes the more conservative protocols from others
based on the same aligner. The K562 data set comprises six samples, and the metrics presented here
were averaged over them. The PALMapper protocols were not applied to all data sets (as indicated),
and some K562 samples were not processed by PALMapper and ReadsMap. Exact percentages for each
data set are also listed in Table A.1.
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avoid introducing bias at further evaluation stages due to differences in the number

of alignments per read, we instructed developer teams to assign a preferred (primary)

alignment for each read mapped in their program output. Unless further specified the

following analyses are focusing on primary read alignments only.

2.2.2 Mismatches and basewise accuracy

Another important attribute of aligners is the number of mismatches allowed per read

alignment. The methods GSNAP, GSTRUCT, MapSplice, PASS, SMALT and STAR

reported more primary alignments devoid of mismatches compared to the other meth-

ods (Figure 2.2a). This can partly be explained by their tendency to trim the end of

reads and to output partial alignments (Figure 2.2b). Especially, PASS and SMALT

performed extensive read truncation, suggesting that these programs often report align-

ments shorter than the optimal. While most methods allowed more mismatches for reads

with lower quality scores, MapSplice, PASS and TopHat 2 displayed a low tolerance for

mismatches independent of quality scores (Figure 2.3). Consequently, they were not able

to map a large proportion of reads with low base call quality scores.

The K562 data set differs from the other data sets in respect to the degree of basewise

similarity to their respective reference genome. Due to polymorphisms and the accumu-

lation of mutations the K562 genome is more distant to the human reference assembly,

which itself is the consensus sequence based on samples from different individuals (Inter-

national Human Genome Sequencing Consortium, 2004). On the other hand, the mouse

RNA samples were obtained from the mouse strain C57BL/6NJ, which genome has high

similarity to the mouse reference assembly (Keane et al., 2011). This explains why high-

quality reads from the mouse data set were mapped at a greater rate and with fewer

mismatches compared to reads from the K562 data set (Figure 2.2). However, the over-

all trends in the aligner’s mismatch and truncation frequencies were consistent across

all data sets. This suggests that mapping properties are largely dependent on software

algorithms even when the genome and transcriptome are virtually identical.

On the simulated data sets GSNAP, GSTRUCT, MapSplice and STAR outperformed

the other methods for basewise accuracy (see Table 2.2 and Tables A.2- A.4). The error

rate was significantly lower for uniquely mapped reads compared to primary alignments
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Figure 2.2: Mismatches and read trimming. (a) Percentage of sequenced reads mapped with the
indicated number of mismatches. (b) Percentage of sequenced reads that were trimmed at either or
both ends. Bar colours indicate the number of bases removed.
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Figure 2.3: Mismatch frequencies stratified by base caller quality scores. Results for K562 whole
cell replicate 1 are shown. Reads were divided into five categories by mean quality score. Quality
scores ranges from 2 to 40, with lower scores corresponding to less confident base calls. Bars show
distribution of mismatches per alignment, demonstrating that most methods tend to align low-quality
reads with more mismatches. Percentages of aligned reads are tabulated for each protocol and quality
score category, showing that protocols differ in the extent to which alignability depends on quality
scores.
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Figure 2.4: Read placement accuracy for simulated spliced reads. Reads with all bases positioned
correctly (dark green) are distinguishes from those with a subsequence (1-75 bases) accurately placed
(light green). Red bars indicate the percentage of reads that are mapped, but have no base correctly
placed. A subset of these mappings overlap the correct alignment (light red); this may occur in repetitive
regions or indicate an error in the alignment program.

of multi-mapped reads. Notably, GEM and PALMapper were able to identify the correct

primary alignment for a high fraction of their ambiguous mappings.

The greatest differences between methods was observed for the correct placement

of spliced reads. For the first simulated data set, GSNAP, GSTRUCT, MapSplice and

STAR mapped 96.3-98.4% of spliced reads to the correct genomic location and only mis-

aligned 0.9-2.9% of spliced reads (Figure 2.4 and Table A.3). Thus, they nearly identify

the correct locus for all spliced reads. However, for a significant part of the spliced

reads, they only map part of the read (indicated with light green bars in Figure 2.4).

ReadsMap and the annotation-based TopHat 2 protocol identified the correct location

for a slightly lower fraction of spliced reads, however, due to the lack of trimming, over-

all they identified a higher fraction of perfectly mapped spliced reads compared to the

other methods. ReadsMap placed an exceptionally high proportion of bases to the wrong

genomic location. Further investigation indicated, that due to a programmatic error,

reads got placed a few bases from their correct locations, as indicated by light red bars

in Figure 2.4.
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2.2.3 Coverage of annotated genes

For the real data it is not possible to calculate exact recall and precision metrics. How-

ever, one can analyse the read placement in relation to annotated gene structures from

the Ensembl database (Flicek et al., 2013). Both the genome annotation for human and

mouse are of high quality and show a high level of completeness. Therefore, the majority

of RNA-seq reads would be expected to originate from known exons.

Figure 2.5 shows the results exemplarily for K562 whole cell replicate 1 and simu-

lated data set 1 as the trends were similar for the remaining data sets. More impor-

tantly, trends were very similar between real and simulated data indicating that the

simulation results reflect alignment performance in real RNA-seq experiments. GSNAP

and GSTRUCT mapped the highest number of reads to annotated exons. For the sim-

ulated data set the number of reads mapped to exons was close to the true number

(Figure 2.5a).

Relative to the frequency of exonic alignments, BAGET and SMALT mapped a high

proportion of reads to intronic sequence (Figure 2.5b). This indicates that BAGET

and SMALT give priority to unspliced read alignments. ReadsMap and also to some

extend annotation based TopHat 2 showed very little mapping to introns relative to

the frequency of exonic alignments. The annotation-based TopHat 2 protocol aligns

reads to the known transcriptome first. Accordingly, intronic mappings might be under

represented. The lower number of inronic alignments for ReadsMap can be explained

by ReadsMap avoiding alignments to genomic repeat elements, which are prevalent in

introns (data not shown).

A trend that was observable for all methods was the dispersion of reads across too

many genes. For example, for simulation 1 the expression of 16554 Ensembl genes

was simulated. However, all protocols report primary alignments for more than 17800

genes. Figure 2.5c shows that this effect was largely due to the placement of reads

at pseudogenes. SMALT, BAGET and GEM displayed the highest number of read

alignments at pseudogenes.

2.2.4 Indel frequency and accuracy

Methods also differed substantially in the detection of indels (Figure 2.6). GEM and

PALMapper alignments included more indels than any other method, however, differed
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Figure 2.5: Coverage of annotated genes for K562 whole cell and simulation 1. Scatter plots show a
range of metric reflecting coverage of Ensembl genes by RNA-seq read alignments, for K562 whole cell
replicate 1 (left) and simulated data set 1 (right). (a) Percentage of sequenced and simulated reads for
which all mapped bases fall within exon sequence versus those with all mapped bases confined to intron
sequence. (b) Percentage of reads for which mappings partially overlap exons (that is alignments where
a subset of the genomic positions are annotated as exonic) versus those aligned in a spliced manner
with all mapped bases in exon sequence. Note the negative correlation, suggesting that partial exon
hits often result from failure to identify splice junctions. (c) Number of genes (including non-coding
genes) with fully exonic mappings versus number of pseudogenes with such mappings. For simulated
data, “Truth” corresponds to the results expected for a perfect aligner.
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Figure 2.6: Indel frequency. Bars show size distribution of insertions (a) and deletions (b) for the four
data sets. Indel frequencies are tabulated (number of indels per thousand sequenced reads).

in their preference for insertions or deletions. While GEM mostly reported insertions,

PALMapper reported mainly deletions. All methods reported mostly short indels, how-

ever, TopHat 2 reported a few long insertions and GSNAP and GSTRUCT a few long

deletions. In contrast, PASS, ReadsMap and TopHat 1 reported mostly short indels and

the conservative PALMapper protocol allowed single-nucleotide indels only.

These trends were also observed when analysing the simulated data sets. GEM and

PALMapper reported a high number of indels including many false positives leading to

an indel precision of < 37% for all protocols except for the conservative PALMapper

protocol for Simulation 1 data set. GSNAP and GSTRUCT showed high sensitivity

in the detection of deletions largely independent on the size of the deletion, detecting

> 69% indels for each length interval (Figure 2.7). TopHat 2 was most sensitive for

long insertions, reporting > 87% of insertions ≥ 5 bp correctly for Simulation 1. How-

ever, the high sensitivity to detect long indels resulted in a high false discovery rate for

GSNAP, GSTRUCT and TopHat 2. MapSplice had a lower recall, however, achieved

a better balance between recall and precision for long deletions compared to GSNAP

45



Chapter 2. Comparing Alignment methods for RNA-seq data

1 2 3 4 5 6 7 8+ 1 2 3 4 5 6 7 8+1 2 3 4 5 6 7 8+
TopHat v2 ann
TopHat v2
TopHat v1 ann
TopHat v1
STAR 2−pass ann
STAR 2−pass
STAR 1−pass ann
STAR 1−pass
SMALT
ReadsMap
PASS cons
PASS
PALMapper cons ann
PALMapper cons
PALMapper ann
PALMapper
MapSplice ann
MapSplice
GSTRUCT ann
GSTRUCT
GSNAP ann
GSNAP
GEM cons ann
GEM cons
GEM ann
BAGET ann

1 2 3 4 5 6 7 8+

Precision PrecisionRecall Recall
Insertions Deletions

Indel size (bases)

0%

100%

n.a.

Figure 2.7: Indel accuracy. Precision and recall, stratified by the indel size, for human simulated data
set 1. Precision is not applicable (n.a.) if no indels were called.

(Figure 2.7). Balance can be quantified using the F-score, which is the harmonic mean

between precision and recall.

F − score = 2 · precision · recall
precision+ recall

For deletions ≥ 5 bp in Simulation 1 MapSplice reached an F-score of 87% while

GSNAP reached 36% (protocols without annotation input).

2.2.5 Positioning of mismatches and gaps in reads

To assess whether the algorithms showed any bias in positioning certain operations

within the read sequence, the spatial distributions of mismatches, indels and introns

over the reads sequences were determined. The distributions for these operations are

illustrated in Figure 2.8.

All methods except MapSplice, PASS and ReadsMap consistently reported an in-

creasing frequency of mismatches along the reads, reflecting the decrease in base-call

quality score along the reads (Figure A.2). As discussed in Section 2.2.2, MapSplice and
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Figure 2.8: Positional distribution of mismatches and gaps over read sequences. Curves show the
distribution (percentage) of the indicated operations along the 76 nt read sequences, computed over the
primary alignments for K562 whole cell replicate 1. Red lines indicate positions exceeds 5%.

PASS did not report alignments with many mismatches independent of the read quality

scores and because of that aligned only a small proportion of reads with low average

base quality scores. This might explain why these two methods did not show an increase

in mismatch frequency along the reads. ReadsMap however, did allow more mismatches

for reads of lower mean base quality and still displayed an even distribution of mismatch

placements. This might be due to the reads that were placed a few bases from their

correct location (as discussed in Section 2.2.2) which will cause mismatches across the

whole read.

BAGET, GEM, MapSplice, PALMapper and TopHat placed many mismatches at

read termini (Figure 2.8). Methods not showing this behaviour typically performed

a higher degree of read trimming of a few bases (Figure 2.2). For indels two contrary

behaviours were observed. Some methods placed indels preferentially near ends of reads,

such as PALMapper and TopHat, while others, such as MapSplice and STAR, tended

to place them internally. GSTRUCT produced the most uniform distribution of indel

frequency over the K562 data (coefficient of variation, CV = 0.32) and TopHat the

most variable (CV = 1.5 and 1.1 for TopHat 1 and 2, respectively). Splice junctions

were positioned more evenly by all methods. Annotation based methods and methods

implementing a two-step approach placed introns across the whole read sequence. The
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Figure 2.9: Classification of reported splices. Splice frequencies for the K562 (left) and mouse brain
(right) data sets. Frequencies were computed as the total number of splices (as opposed to unique
junctions) in primary alignments divided by the number of sequenced reads. Splices were classified by
overlap with junctions annotated in the Ensembl database (see pictogram).

remaining methods called less junction sites near read termini, especially visible for

GSNAP without annotation, the conservative PALMapper, PASS and STAR 1-pass in

Figure 2.8.

2.2.6 Spliced alignment

In this section, detection of splices in individual reads are distinguished from unique

splice junctions on the genomic sequence. Splices that overlap known splice junctions

are called supporting splices.

In general, GSNAP, GSTRUCT, ReadsMap, STAR 2-pass and the annotation based

TopHat 2 protocol reported more splices than other aligners, exemplarily shown for the

K562 and mouse data sets in Figure 2.9. GSNAP, STAR 1-pass and TopHat 2 reported

significantly fewer spliced mappings if no annotation data was used to guide spliced read

alignment. In contrast to that, GEM, GSTRUCT, MapSplice, STAR 2-pass and TopHat

1, reported similar number of splices whether they were run with annotation or not.

SMALT, BAGET, PASS and the conservative PALMapper protocols inferred the fewest

splice sites from the data. ReadsMap and PALMapper, and to a lesser extend SMALT,

GSTRUCT and STAR 2-pass reported a large number of splice sites not corresponding

to known introns (indicated by yellow bars in Figure 2.9). Figure 2.11a shows that
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Figure 2.10: Accuracy of splices. For real data (K562 whole cell RNA replicate 1, left), splices were
classified as annotated or novel by comparison to transcripts annotated in the Ensembl database, and
frequencies computed as the number of reported splices divided by the number of sequenced reads. For
simulated data (middle, right) splice recall and false discovery rate (FDR) is presented. Insets show
details of the dense upper-left areas (grey rectangles). Note that simulation 2 was designed to be more
challenging (see Methods).

novel splice junctions (all junction categories except annotated junctions) were typically

supported by fewer alignments in contrast to known splice junctions, suggesting that

these might be spurious alignments (see also Table A.5).

Highest accuracy in splice detection for the simulated data was reached by proto-

cols based on GSNAP, GSTRUCT, MapSplice and STAR (Figure 2.10). ReadsMap,

PALMapper and SMALT predicted a large fraction of novel splices. The analysis of

simulated data confirmed that many of those novel predicted splices were false positives

(Figure 2.10), but also all other methods called a considerable fraction of false splice

junctions. These, however, could be greatly reduced when junctions were filtered by the

number of supporting splices (Figure 2.11). At a threshold of two supporting splices,

GSTRUCT outperformed most other methods on both simulated data sets, when as-

sessed by numbers of true and false junction calls (Figure 2.11b, Table 2.2 and Table A.5).

MapSplice displayed similar performance on the first simulated data set, but only if used

without annotation.

The simulated data sets were based on the Ensembl annotation that was provided to

the aligners. To make the data set more realistic, junctions from other gene catalogues

were included additionally as well as junctions created by simulating alternate isoforms

of known genes. This mimics a realistic scenario where a subset of known transcripts

are expressed in the assayed sample and knowledge of the transcriptome is incomplete.

As expected, most known junctions were recovered by protocols that were provided
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Figure 2.11: Accuracy of splices stratified by read support. (a) Number of annotated and novel junc-
tions reported at different thresholds for the number of supporting mappings. In the rightmost plot,
filled symbols depict the number of junctions with at least one supporting mapping, and lines demon-
strate the result of thresholding. (b) Junction discovery accuracy for simulated data set 1 (top) and 2
(bottom). Counts of true and false junctions were computed at increasing thresholds for the number of
supporting mappings, and results depicted as in panel b to obtain receiver operator characteristic-like
curves. Grey vertical lines indicate the number of junctions supported by true simulated alignments.
(c) Accuracy for the subset of junctions contained in the Ensembl annotation (used by protocols with
the suffix ann). (d) Accuracy for junctions absent from the Ensembl annotation. See also Table A.5.
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with annotation. However, most of them also reported many annotated junctions that

were not expressed in the simulated transcriptome (Figure 2.11c). Especially TopHat

2, PALMapper and STAR reported annotated splice junctions that were not supported

by the simulated data. For novel junction discovery, GSTRUCT and MapSplice out-

performed other methods (Figure 2.11d). The high performance of GSTRUCT can be

explained by the generation of a splice index that includes junctions of possible alternate

isoforms as well, which was one of the strategies to create novel splices in the simulated

data sets.

In general, precision was higher for splices identified in the middle of reads com-

pared to splices placed at read termini (data not shown). Also most reported splices

corresponded to the main splice-signal GT-AG as indicated in blue in Figure 2.12. How-

ever, some splices with GC-AG and AT-AC splice signals were also reported, especially

PALMapper reported novel splices with GC-AG splice signals. For novel splices, GSNAP,

GSTRUCT, PALMapper reported a small fraction of splices with noncanonical splice

signals while for ReadsMap and SMALT the majority of reported novel splice sites were

corresponding to noncanonical splice signals.

Over the last few years, read length that can be produced by commonly used se-

quencers has increased continually. While early RNA-seq data sets had typically read

lengths of 36 bp, 100 bp reads and longer are not unusual these days. Therefore, it is

more and more important that aligners can detect the presence of multiple splice junc-

tions within a single read. BAGET and SMALT never reported more than one intron

per read; and PASS and PALMapper mostly reported reads with one or two introns, but

rarely more. All other protocols were able to detect three of more introns as indicated

in Table A.6. ReadsMap, STAR and the annotation based TopHat 2 protocol reported

the greatest number of primary alignments with at least three introns. Annotation

based TopHat2 reached the highest sensitivity for multi-intron alignments with a recall

of 79.3% for simulation 1, see Table A.7. Among the protocols run without annotation,

ReadsMap was the most sensitive for detecting alignments with three or more introns

(recall of 72.1%), but at the expense of a low precision of 7.0%. For all aligners except

ReadsMap and PALMapper, most multi-intron alignments tended to be correct.
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Figure 2.12: Classification of reported splice with respect to splice signals. Splice signal frequencies
for the K562 whole cell replicate 1 data set. Frequencies were calculated as the total number of splices
(as opposed to unique junctions) in primary alignments divided by the number of sequenced reads.

52



Chapter 2. Comparing Alignment methods for RNA-seq data

2.2.7 Influence of aligners on transcript reconstruction

The placement of spliced reads has a big influence on the down-stream analysis task

of transcript reconstruction. As protocols displayed significant differences in their ac-

curacy of splice junction detection, they might not all be equally suited for transcript

reconstruction. In order to analyse the influence of the aligner choice on exon discovery

and transcript reconstruction, Cufflinks was applied to all submitted alignments. GEM,

GSNAP, GSTRUCT, MapSplice, STAR and TopHat alignments resulted in similar exon

detection rates (Figure 2.13a). Up to 69% of the exons reported by Cufflinks matched

exons present in the Ensembl annotation, and up to 51% of all annotated exons from

protein-coding genes were recovered when using primary alignments only (K562 whole

cell replicate 1). Exon detection by Cufflinks performed significantly lower for the other

alignment programs (Figure 2.13a). Including secondary alignments negatively affected

Cufflinks performance of GEM and PALMapper which report numerous such alignments,

however, had little effect on other methods (Figure 2.13b).

Consistent with the results on real data, the six aligners noted above enabled highly

accurate exon detection for the simulated data, with recall reaching 85% and precision

84% (Simulation 1, Figure 2.13a). For the second, more challenging simulated data

set, the annotation based TopHat 2 protocol outperformed the other methods, closely

followed by GSNAP (with annotation) and GSTRUCT (with or without annotation,

Figure 2.13a). The same alignment methods gave the best Cufflinks accuracy for the

more complex task of transcripts reconstruction (Figure 2.13b).

Surprisingly the TopHat 2 protocol using annotation, despite exhibiting relatively

poor precision for spliced alignment (Figure 2.11b-d), produces the best input for tran-

script reconstruction. One underlying cause is that Cufflinks seems to be able to discard

erroneous exon junctions in the input data at a high rate. For example, on the data from

the first simulation, 71% of true junctions identified by the annotation-based TopHat 2

protocol were incorporated into transcript by Cufflinks, compared to 5% of false junctions

as indicated in Table A.9. Another reason for the superior performance of annotation

based TopHat 2 is its high detection rate for multi-intron alignments which significantly

improves transcript reconstruction (see Table A.7).
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Figure 2.13: Aligner influence on transcript assembly. Cufflinks performance was assessed by measur-
ing precision and recall for individual exons (a) and spliced transcripts (b). For K562 data, precision
was defined as the fraction of predicted exons matching Ensembl annotation, and recall as the fraction
of annotated exons that were predicted. Only exons from protein-coding genes were considered. Re-
sults on simulated data were benchmarked against simulated gene models, using analogous definitions
of precision and recall. Simulated transcripts were divided into three groups of equal size according to
expression level, where the “mid” groups comprise those with expression corresponding to an RNA-seq
coverage of 121-646 (simulation 1) and 182-855 (simulation 2) reads per kb. (c-d) Effect of secondary
alignments on transcript assembly by Cufflinks. Performance was assessed by measuring precision and
recall for individual exons (c) and spliced transcripts (d), using all alignments from each protocol (red
symbols) or the subset of primary alignments (open symbols). For K562 data, precision was defined as
the fraction of predicted exons matching Ensembl annotation, and recall as the fraction of annotated
exons that were predicted. Only exons from protein-coding genes were considered. Results on simu-
lated data were benchmarked against simulated gene models, using analogous definitions of precision
and recall. The last row shows the results obtained when using the perfect alignment produced by the
simulator (Truth).
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2.3 Conclusion

In this chapter, I presented a systematic evaluation of spliced alignment software for

RNA-seq data, including the most widely used programs and several less well-known

alternatives. To assess their performance, a comprehensive set of metrics was anal-

ysed. These ranged from basic alignment statistics, such as the percentage of mapped

reads, to suitability for higher-order analyses such as transcript reconstruction. Large

performance differences between aligners were apparent for all evaluated metrics.

The top four performing aligners in this study were MapSplice, GSNAP, GSTRUCT

and STAR. A previous study by Grant et al. also reported good performance for Map-

Splice and GSNAP, but did not include GSTRUCT and STAR (Grant et al., 2011). Nev-

ertheless, also these four methods displayed certain weaknesses. GSNAP, GSTRUCT

and STAR reported many false exon junctions in their output and it might be advis-

able to filter junctions based on the number of supporting alignments. MapSplice on

the other hand appeared to be a conservative aligner, both with respect to reporting

mismatches and indels as well as exon junction calls.

The use of a dedicated spliced alignment program is crucial for the proper interpre-

tation of RNA-seq data, as the results for BAGET and SMALT show. As expected,

SMALT displayed the lowest junction recall on the simulated data as this method is

able to split reads, but lacks the ability to identify exact exon-intron boundaries. Ac-

cordingly, transcript reconstruction based on SMALT performed very poorly. BAGET,

which maps reads against exon junction sequences derived from reference genome anno-

tation, can identify exact exon-intron boundaries. Still it showed a significantly reduced

performance in junction detection compared to real spliced aligners as it is unable to

detect new junctions that are not present in the reference annotation. Therefore, tran-

script reconstruction based on BAGET alignments also showed reduced performance

even though much less prominent compared to SMALT.

Several methods included in this evaluation feature algorithmic innovations the in-

corporation of which could improve other RNA-seq aligners as well. As an example,

PALMapper creates a map of nucleotide variations within the RNA-seq data compared

to the reference genome enabling faster and more accurate alignment of reads contain-

ing such variants. This approach, however, is mostly applicable for mismatches and not

directly transferable to the mapping of indels for which PALMapper shows quite poor
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detection performance. The mapping of indels (but also mismatches) could be further

improved by implementing a realignment strategy. This is commonly used in DNA re-

sequencing studies, where variants are called after targeted multiple sequence alignment

of reads independently mapping to the same locus.

GEM and PALMapper differed largely from the other methods included in this evalu-

ation with respect to the fraction of multiple alignments reported. Reporting all possible

positions for a read might be useful when the aim is to identify all genes including pseu-

dogenes. However, if the aim is to identify transcripts that are actually expressed in

a given sample, the excessive reporting of multiple mapping positions will cause the

identification of transcripts that are not actually expressed. Accordingly, including all

alignments decreased the performance of subsequent transcript reconstruction drasti-

cally for GEM and PALMapper while for all other methods performance was hardly

influenced.

Surprisingly TopHat version 2 showed several deficits compared with version 1, ex-

hibiting decreased junction precision when provided with an annotation and mapping a

smaller fraction of reads with lower average base call quality. However, it outperformed

all other methods with respect to transcript reconstruction with Cufflinks, facilitating a

performance close to that observed for perfect alignments of simulated data. The main

reason for this is most likely the higher accuracy for multi-intron alignments for TopHat

version 2 compared with any other method. The accuracy for multi-intron alignments

was significantly lower when running TopHat version 2 without annotation. This sug-

gests that the direct mapping to spliced sequences performed by TopHat version 2 when

provided with an annotation is the main reason for the higher multi-intron accuracy and

subsequently the better transcript reconstruction with Cufflinks.

Similarly to TopHat also other methods produced better input for transcript recon-

struction when provided with gene annotations, with the exception of MapSplice and

GSTRUCT which only showed marginal improvements upon annotation usage. While

provision of annotation improved transcript reconstruction it showed little effect on fun-

damental metrics, such as alignment yield and basewise accuracy. The use of annotation

improved recovery of known exon junctions for GSNAP, STAR and TopHat 2, but also

resulted in an increase of false positive junction calls, and hence lower accuracy overall.

Only GSTRUCT and TopHat 1 consistently benefited from gene annotation, though
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GSTRUCT performance was only marginal affected. Making optimal use of annotation

information thus leaves a lot of space for improvements.

One more aspect that is important for the usability of a tool is its runtime. If a

tool performs very well, but takes weeks to compute, the user will probably switch

to a tool with similar performance and lower run time. As developers computed the

alignments themselves, it was not possible to collect comparable runtime information.

However, a recent study reported that GSNAP and MapSplice require similar runtimes

while TopHat 2 and STAR run about 3 and 180 times faster, respectively (Dobin et al.,

2013).

The advent of RNA-seq has prompted the development of sophisticated alignment

tools for shotgun transcriptome sequencing. However, several algorithmic challenges

remain, such as exploiting gene annotation without introducing bias, correctly placing

multi-mapped reads, achieving optimal yet fast alignment around gaps and mismatches,

and reducing the number of false exon junctions reported. Over the last few years, read

length has been continuously increasing and this trend is likely to continue. Therefore,

methods will require to deal with longer reads with higher error rates. Since longer reads

are more likely to span multiple exon-intron boundaries, methods will need to perform

more extensive spliced alignment. Differential treatment of these issues will enhance

and expand the range of RNA-seq aligners suited to varied computational setups and

analysis aims.
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2.4 Methods

2.4.1 RNA-seq data

The human K562 data used here correspond to the K562 poly(A)+ samples produced

at Cold Spring Harbor Laboratory for the ENCODE project (Djebali et al., 2012) and

can be accessed at http://www.encodeproject.org. RNA-seq libraries were sequenced

using a strand-specific protocol and comprise two biological replicates each of whole cell,

cytoplasmic and nuclear RNA.

The mouse RNA-seq data set was produced at the Wellcome Trust Sanger Insti-

tute as part of the Mouse Genomes Project using brain tissue from adult mice of strain

C57BL/6NJ. The library was sequenced using the standard Illumina protocol that does

not retain strand information. These data have been previously described and are avail-

able from the European Nucleotide Archive (http://www.ebi.ac.uk/ena) under acces-

sions ERR033015 and ERR033016.

Simulated RNA-seq data were generated as previously described (Grant et al., 2011),

additionally modelling base-call errors and quality scores with simNGS (http://www.

ebi.ac.uk/goldman-srv/simNGS). It should be noted that alignment protocols mak-

ing use of gene annotation were provided with annotation from Ensembl only, while

the simulated transcriptomes were based on Ensembl as well as several additional gene

catalogues. In addition, novel transcript isoforms were simulated. This corresponds to a

realistic scenario, as knowledge of the transcriptome is incomplete even for well-studied

organisms such as human and mouse. Retained introns were also simulated, to reflect

the fact that a proportion of transcripts captured by RNA-seq correspond to pre-spliced

mRNAs. Transcriptome simulation parameters were set as previously described (Grant

et al., 2011). Briefly, substitution variants were introduced in exons at rates of 0.001

(simulation 1) and 0.0005 (simulation 2) events per bp, and indel polymorphisms at

rates of 0.0005 (simulation 1) and 0.0025 (simulation 2). The proportion of signal origi-

nating from novel simulated transcript isoforms was 20% and 35% for simulations 1 and

2, respectively.

The program simNGS recreates observations from Illumina sequencing machines us-

ing the statistical models underlying the AYB base-calling software (Massingham and

Goldman, 2012). To simulate base-call errors and quality scores, simNGS version 1.5 was

58

http://www.encodeproject.org
http://www.ebi.ac.uk/ena
http://www.ebi.ac.uk/goldman-srv/simNGS
http://www.ebi.ac.uk/goldman-srv/simNGS


Chapter 2. Comparing Alignment methods for RNA-seq data

applied using a paired-end simulation model. The model was trained on intensity data

released by Illumina from a sequencing run on the HiSeq instrument using the TruSeq

chemistry.

All sequencing data (real and simulated) as well as the alignment files used in this

study have been consolidated as a single experimental record in the ArrayExpress repos-

itory (http://www.ebi.ac.uk/arrayexpress) under excession E-MTAB-1728.

2.4.2 Evaluation of alignments

Developer teams provided alignments in BAM format. These files were processed to

ensure compliance with the SAM specification (Li et al., 2009) and eliminate formatting

discrepancies that otherwise could have impacted the evaluation. Mismatch information

(NM and MD tags) was stripped from the files and recomputed using the samtools

command calmd to ensure that mismatches were counted in the same manner for all

protocols (Li et al., 2009).

In the BAM format, alignment gaps in read sequences can be described either as

deletions or introns. Small gaps are typically labelled deletions and longer gaps consid-

ered introns, but the exact criteria differ among aligners. To prevent the introduction

of bias from such differences, we reclassified deletions and introns were appropriate.

Specifically, for the results presented in Figures 2.6 and 2.7 an alignment gap in the read

sequences was considered a deletion if shorter than 19 bp and otherwise counted as an

intron. The adjustment only noticeably affected the results for GSNAP and GSTRUCT,

which reported numerous long deletions (up 2.0% of the deletions in the output from

these tools exceeded 18 bp).

For alignments of simulated RNA-seq data, accuracy metrics were computed by com-

parison with the alignments produced by the simulator. When computing basewise and

indel accurracy, ambiguity in indel placement was accounted for (Grant et al., 2011).

For example, in an alignment of the sequences ATTTA and ATTA, there are three equiva-

lent gap placements in the latter sequence (A-TTA,AT-TA and ATT-A), all of which were

considered correct. A general strategy was implemented to handle positional ambiguity

for indels on any size.

Unless otherwise noted, evaluation metrics for alignments of K562 RNA-seq data

were averaged over the six K562 data sets (Table 2.1). Comparisons with the gene
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annotation were preformed using the Ensembl annotation that was provided to aligners.

Comparisons to the simulated transcriptomes were carried ot as described in Results.

2.4.3 Transcript reconstruction

Transcript assembly was conducted with Cufflinks version 2.0.2. with the parameter

library-type set to fr-firststrand for the K562 data, which are strand-specific, and

to tr-unstranded for the simulated data, which are not. Default values were used for

other parameters.

Cufflinks requires spliced alignments to have a SAM format tag (XS) indicating

the genomic strand (plus or minus) on which the transcript represented by the read is

likely to be encoded. Alignment programs such as TopHat can set the XS tag based

on information about the library construction protocol (for strand-specific libraries) or

by inspecting sequences at exon-intron boundaries. Five of the methods evaluated here

(BAGET, GEM, ReadsMap, SMALT and STAR) did not provide XS tags; we therefore

post-processed the alignment output from these methods to add them. For the strand-

specific K562 data, XS tags were set based on alignment orientation and mate number,

as done by TopHat. For alignments of simulated reads, we set XS tags according to

the initial and terminal dinucleotides of the inferred introns, which are expected to be

GT/AG, GC/AG or AT/AC for plus-strand transcripts and CT/AC, CT/GC or GT/AT

for minus-strand transcripts (Iwata and Gotoh, 2011). For the XS tag to be added to an

alignment, at least one exon junction was required to have these signals and conflicting

signals among junctions were not allowed.

We noted that the annotation-based on TopHat 2 protocol uses the annotation pro-

vided to set the XS tag for unspliced alignments that overlap annotation exons. As this

is a unique feature of TopHat 2 that might confer and advantage in the evaluation of

transcript reconstruction, we investigated the effect of removing the XS tag from un-

spliced alignments in the TopHat 2 output prior to running Cufflinks. This modification

had negligible effect on the Cufflinks accuracy metrics presented here (data not shown),

demonstrating that provision of XS tags for unspliced alignments cannot explain why

the annotation-based TopHat 2 protocol resulted in better Cufflinks performance than

other protocols.
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Precision and recall were computed as described in Chapter 3. Specifically, internal

exons were required to be recovered with exact boundaries, first and terminal exons

were required to have correctly predicted internal borders only, and exons constituting

unspliced transcripts were scored as correct if covered to at least 90% by a predicted un-

spliced transcript. For the simulated data, only exons of spliced transcripts were required

to be placed on the correct strand, as orientation of single-exon transcripts cannot be

reliably predicted unless RNA-seq libraries are strand-specific. Spliced transcripts were

considered to be correctly assembled if the strand and all exon junctions matched.
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Automated transcript

reconstruction from RNA-seq data

3.1 Introduction

RNA-seq provides a genome-wide readout of expressed transcript isoforms. Current

sequencing technologies, however, cannot sequence full transcripts yet and short reads

need to be computationally assembled into gene structures. Transcript reconstruction

from RNA-seq data enables the identification of expressed isoforms, their quantification

and the subsequent identification of differentially expressed isoforms.

3.1.1 The early days of gene prediction

Sequencing of whole genomes generated the need for automated annotation of these

sequences. Automated gene prediction algorithms were designed to identify protein-

coding genes within these genomes. The first gene predictors could be divided into

two main categories: de novo or alignment based predictors (see Brent, 2008 for a

review). De novo predictors make use of genomic sequences only. Single-genome de

novo gene predictors, identify protein coding genes solely from the presence of coding

sequences, splice signals, translational start and stop signals and polyadenylation signs.

Dual-genome de novo gene predictors can furthermore incorporate sequence conservation

between species as evidence for functional sequences. Alignment based predictors use

the alignment of sequences derived from cDNA libraries (cis alignment) or from cDNAs
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from homologous genes in the same or another species (trans alignment). Alternatively,

protein sequences are aligned back to the genome instead of the cDNAs directly.

A first attempt to evaluate the quality of automated gene prediction algorithms

on a defined test data set was the “genome annotation assessment project” (GASP)

which was launched in 2000 (Reese et al., 2000). It assessed the performance of gene

prediction algorithms on 2.9 Mb of the well-characterised ADH region of the drosophila

genome. This was followed up by the EGASP project in 2006 (Guigo et al., 2006), which

again assessed the status of automated gene prediction algorithms, but in the 44 regions

selected by the Encode pilot project totalling 30 Mb (1% of the human genome, Harrow

et al., 2012; ENCODE Project Consortium et al., 2007). At that time, the best methods

were predicting at least one transcript correctly for 70% of genes. However, the accuracy

of predicting all alternatively spliced transcripts was approximately 40-50%. NGASP

analysing gene predictions in nematode genomes followed in 2008 (Coghlan et al., 2008)

with comparable prediction accuracy to EGASP.

3.1.2 Transcript reconstruction from RNA-seq data

During the last decade more high-throughput technologies for analysing expressed genes

have been developed. Strand specific tiling arrays allowed for the identification of unan-

noated transcripts including non-coding genes and antisense transcripts (Bertone et al.,

2004; Huber et al., 2006; David et al., 2006; Xu et al., 2011). Although, tiling arrays can

provide some information about alternative splicing between samples (Eichner, 2013),

they have limited support for the study of alternatively splice isoforms within the same

sample. RNA-seq provides the same power when it comes to the detection of unanno-

tated transcripts at a lower cost. One single experiment enables the quantification of

known genes as well as the discovery of unannotated gene products and novel splicing

events. With adequate sequencing depth the dynamic range of RNA-seq data substan-

tially exceeds that of microarray technologies providing a more detailed picture of the

transcriptional landscape of a given system (Sultan et al., 2008; Nagalakshmi et al., 2008;

Cloonan et al., 2008; Wang et al., 2009). However, with the current technology it is not

yet possible to sequence full transcripts in a high-throughput fashion, but only short

reads obtained from fragmented cDNA. To obtain full transcript sequences these short

reads need to be computationally assembled into gene structures. Transcript reconstruc-
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tion can be done by either mapping the reads to the genome and inferring transcript

models from the read alignments (Trapnell et al., 2010; Roberts et al., 2011a; Li et al.,

2011; Mezlini et al., 2013) or by de novo assembly of the reads, where the transcripts

are reconstructed without the use of a reference genome, but solely by utilizing sequence

overlaps between reads (Schulz et al., 2012; Grabherr et al., 2011; Robertson et al.,

2010).

Both approaches are computationally heavy. The most limiting factor is sequenc-

ing coverage. Lowly expressed genes, therefore, pose a difficult challenge for transcript

reconstruction and quantification. Some methods exploit features in the underlying ge-

nomic sequence, such as splice signals and translational start and stop signals, as further

evidence for coding regions (Stanke et al., 2006; Schweikert et al., 2009; Blanco et al.,

2007), however, this approach can not be applied to the discovery of non-coding features.

Another challenge is the presence of multiple alternative isoforms of a gene (Wang et al.,

2008; Nilsen and Graveley, 2010). It is not always possible to unambiguously quantify

the isoforms as there may be more than one set of isoform quantifications that fit the

observed gene coverage. As read coverage tends to be lower at gene termini, the ex-

act borders of untranslated regions (UTRs) are hard to determine from RNA-seq data.

Also these may be ill-defined in the reference annotation or vary accross biological sam-

ples (Lenhard et al., 2012; Di Giammartino et al., 2011; Tian et al., 2005). Additional

challenges arise from non-uniform exon coverage because of sequencing bias (Wu et

al., 2011; Roberts et al., 2011b; Jones et al., 2012), and read mapping to homologous

sequences elsewhere in the genome (Lee and Schatz, 2012; Derrien et al., 2012). All to-

gether, these factors impair the identification of transcript isoforms and their accurate

quantification.

3.1.3 The benchmark

RNA-seq data were generated as part of the ENCODE (Harrow et al., 2012) and mod-

ENCODE projects (modENCODE Consortium et al., 2010), along with a third data

set of compatible sequencing format and read depth, and represent three widely-studied

species: Homo sapiens (liver hepatocellular carcinoma cell line HepG2) (Djebali et al.,

2012), Drosophila melanogaster (L3 stage larvae) (Graveley et al., 2011), and Caenorhab-

ditis elegans (L3 stage larvae) (Mortazavi et al., 2010). For all three species high quality
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annotated reference genomes are available, which is crucial to minimize the impact of

alignment problems due to low quality genome assemblies, and to use as a gold standard

for the predictions. As not all genes are expressed in a sample, the annotations were

filtered to represent expressed transcript isoforms only (see Methods). Another motive

for the three selected species was their varying transcriptome complexity (see Table B.1.

In order to analyse the impact of transcriptome complexity on transcript reconstruction,

the data sets were derived with similar library construction methods and the same read

length. All three data sets were sequenced on the Illumina platform in 76 nt paired-end

format to obtain approximately 100 million read pairs per sample (see Methods).

These three data sets were used to assess the performance of 25 transcript recon-

struction protocols based on 14 different software packages. Similar as in the EGASP

project (Guigo et al., 2006), developers of leading software programs were invited to par-

ticipate in the RNA-seq Genome Annotation Assessment Project (RGASP), to bench-

mark methods to predict and quantify expressed transcripts from RNA-seq data. This

ensured that programs were executed in the intended manner and with appropriate set-

tings. Most evaluated methods are based on genome alignments (AUGUSTUS (Stanke

et al., 2006), Cufflinks (Roberts et al., 2011a), Exonerate (Slater and Birney, 2005),

GSTRUCT, iReckon (Mezlini et al., 2013), mGene (Schweikert et al., 2009), mTim,

NextGeneid (Blanco et al., 2007), SLIDE (Li et al., 2011), Transomics, Trembly, and

Tromer (Sperisen et al., 2004)), but also two de novo assembly methods participated

(Oases (Schulz et al., 2012) and Velvet (Zerbino and Birney, 2008)).

3.1.4 Outline

In order to assess the quality of these transcript reconstruction tools and to identify

aspects that impede or promote transcript assembly, performance was compared using

a set of increasingly stringent metrics. All predictions were compared against a fil-

tered annotation containing only transcripts that show evidence of being expressed. A

manuscript has been accepted for publication by Nature Methods1. NanoString quan-

tification was performed in Ali Mortazavi’s lab, Biological Sciences III, University of

California Irvine, Irvine, USA. Pär Engström, European Molecular Biology Laboratory,

1Steijger T, Abril J F, Engström P G, Kokocinski F, RGASP Consortium, Hubbard T J, Guigo
R, Harrow J and Bertone P. Assessment of transcript reconstruction methods for RNA-seq,
Nature Methods (in Press)
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European Bioinformatics Institute, Cambridge UK, provided the code for the nucleotide

level analysis and filtered the reference annotation. All other metrics described in this

chapter have been implemented and calculated by me. Supplementary information is

available in Appendix B.

3.2 Results

A total of 25 transcript reconstruction protocols were evaluated, based on alternate pa-

rameter usage of 14 different software packages (Table 3.1). Programs were run by the

original developers, with the exception of SLIDE and iReckon. These became available

during the analytical phase of the project and were subsequently included for further

comparison. As the aim of this project was to evaluated the performance at recon-

structing transcriptomes from RNA-seq data without prior knowledge of gene content,

programs were run without genome annotation to guide transcript assembly. SLIDE and

iReckon, however, require some annotation information and were run with minimum re-

quirements (see Methods).

3.2.1 Nucleotide level evaluation

As a first measure of performance, basewise agreement between the annotation and

predictions was calculated. Nucleotide level sensitivity denotes the fraction of bases

in annotated features that were covered by assembled transcripts, irrespective of the

strand. Precision consequently was calculated as the proportion of reported exonic se-

quences that matched known exons. Most protocols exceeded a sensitivity of 75% for

both model organisms, but sensitivity was generally higher for C. elegans (Figure 3.1

and Table B.2). Notably, the methods AUGUSTUS, mGene and Transomics reached

almost 100% sensitivity while their precision was not noticeably lower than for other

methods. Precision, however, was generally lower for C. elegans, which can be explained

by the lack of extensive UTR information in the C. elegans annotation. Performance

decreased for human data, where tradeoffs between between precision and sensitivity

were more apparent. Seven unguided methods (AUGUSTUS, Exonerate, GSTRUCT,

NextGeneid, Oases, Trembly and Velvet) attained both precision and sensitivity above

60% on the human data. However, the greatest sensitivity for methods without annota-
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Table 3.1: Developer team submission details. CDS - coding sequence, n.a. - protocol was run by me.

Developer team Protocol designation Underlying alignment CDS Quantified Multiple transcripts
programs features reported per gene

H. sapiens
Iseli Tromer fetchGWI, megablast yes transcript yes

SIBsim4
Gerstein Trembly all TopHat no transcript yes

Trembly high TopHat no transcript yes
Rtsch mGene PALMapper yes transcript yes

mGene graph PALMapper yes transcript yes
mTim PALMapper yes transcript yes

Richard Oases BLAT no no yes
Pachter Cufflinks TopHat no transcript yes
Stanke AUGUSTUS high BLAT yes transcript yes

AUGUSTUS all BLAT yes transcript yes
AUGUSTUS de-novo n.a yes transcript no

Searle Exonerate SM all Exonerate yes no no
Exonerate SM high Exonerate yes no no

Wu GSTRUCT GSNAP no no no
Guigo Nextgeneid GEM yes no no

NextgeneidAS GEM yes no no
NextgeneidAS de-novo GEM yes no no

Solovyev Transomics all yes transcript no
Transomics high yes transcript no

Wold Velvet BLAT no exon yes
Velvet AUGUSTUS BLAT no exon yes

n.a iReckon full TopHat no transcript yes
iReckon ends TopHat no transcript yes

n.a SLIDE all TopHat no transcript yes
SLIDE high TopHat no transcript yes

D. melanogaster
Iseli Tromer fetchGWI, megablast yes transcript yes

SIBsim4
Rtsch mGene PALMapper yes transcript yes

mGene graph PALMapper yes transcript yes
mTim PALMapper yes transcript yes

Richard Oases BLAT no no yes
Pachter Cufflinks TopHat no transcript yes
Stanke AUGUSTUS all BLAT yes transcript yes

AUGUSTUS de-novo n.a. yes transcript no
Wu GSTRUCT GSNAP no no no
Guigo Nextgeneid GEM yes no no

NextgeneidAS GEM yes no no
NextgeneidAS de-novo GEM yes no no

Solovyev Transomics all yes transcript no
Transomics high yes transcript no

Wold Velvet BLAT no exon yes
n.a. iReckon full TopHat no transcript yes

iReckon ends TopHat no transcript yes
n.a. SLIDE all TopHat no transcript yes

SLIDE high TopHat no transcript yes

C. elegans
Iseli Tromer fetchGWI, megablast yes transcript yes

SIBsim4
Rtsch mGene PALMapper yes transcript yes

mGene graph PALMapper yes transcript yes
mTim PALMapper yes transcript yes

Richard Oases BLAT no no yes
Pachter Cufflinks TopHat no transcript yes
Stanke AUGUSTUS high BLAT yes transcript yes

AUGUSTUS all BLAT yes transcript yes
AUGUSTUS de-novo n.a. yes transcript no

Searle Exonerate SM all Exonerate yes no no
Exonerate SM high Exonerate yes no no

Wu GSTRUCT GSNAP no no no
Guigo Nextgeneid GEM yes no no

NextgeneidAS GEM yes no no
NextgeneidAS de-novo GEM yes no no

Solovyev Transomics all yes transcript no
Transomics high yes transcript no

Wold Velvet BLAT no exon yes
Velvet AUGUSTUS BLAT no exon yes

n.a. iReckon full TopHat no transcript yes
iReckon ends TopHat no transcript yes

n.a. SLIDE all TopHat no transcript yes
SLIDE high TopHat no transcript yes

68



Chapter 3. Automated transcript reconstruction from RNA-seq data

0 20 40 60 80 100

H. sapiens

0 20 40 60 80 100

D. melanogaster

Nucleotides (%)

0 20 40 60 80 100

C. elegans

● ●Sensitivity Precision

SLIDE high
SLIDE all

iReckon ends
iReckon full

Velvet + AUGUSTUS
Velvet

Tromer
Trembly high

Trembly all
Transomics high

Transomics all
Oases

NextGeneidAS ab−initio
NextGeneidAS

NextGeneid
mTim

mGene graph
mGene

GSTRUCT
Exonerate high

Exonerate all
Cufflinks

AUGUSTUS no RNA
AUGUSTUS high

AUGUSTUS all

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

Figure 3.1: Summary of nucleotide-level performance for the methods evaluated. Performance at
detecting exonic Nucleotides. Sensitivity (green) indicates the proportion of known exon sequence in
each genome that were covered by assembled transcripts, and precision (red) the proportion of reported
expressed sequence that corresponded to known exon sequences. Programs run with gene annotation
are grouped separately.
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Figure 3.2: Summary of exon-level performance for the methods evaluated. Performance at detecting
individual exons, shown as the percentage of reference exons with a matching feature in the submission
(sensitivity, green), and the proportion of reported exons that agree with annotation (precision, red).
To account for biological variation in transcript start and end sites, external boundaries of first and last
exons were allowed to differ from the reference annotation (see Methods).

tion was observed for Tromer and Cufflinks at the cost of low precision. These programs

consistently displayed high sensitivity across the three species, but the low precision

of Tromer in particular indicates a tendency for overprediction. SLIDE and iReckon

must be provided with gene annotation, and therefore outperform most other methods.

iReckon, however, suffers from low precision at the nucleotide level due to the prediction

of transcript isoforms with retained introns. Notably, the AUGUSTUS de novo protocol,

which predicts transcripts using the genomic sequence alone, reached nearly the same

level of sensitivity as the corresponding protocol that also integrates RNA-seq data, but

with significantly lower precision.
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3.2.2 Exon identification from RNA-seq data

Next the ability of each method to identify individual exons from RNA-seq data relative

to the reference annotation was assessed (Figure 3.2). Exact agreement in translation

start site and stop site positioning between predicted and annotated coding exons was

extremely rare, while internal exons, which can be inferred from spliced alignments, were

identified at high rate (Figure 3.3, left). This trend was even stronger when including

non-coding exons of protein coding genes, that is UTR exons where prediction accuracy

for transcription start and polyadenylation sites was almost zero (Figure 3.3, center).

As these discrepancies may result from biological variation in precise transcript bound-

aries (Lenhard et al., 2012; Di Giammartino et al., 2011; Tian et al., 2005), 5′-ends of

first exons and 3′-ends of terminal exons were allowed to differ from the reference coor-

dinates (see Methods). This led to significant improvements (Figure 3.3, right). Most

methods exhibited the lowest exon detection rates for the human RNA-seq data (Fig-

ure 3.2). Note that for all three species the performance of most methods approached

that of iReckon and SLIDE, despite the latter two benefiting from the use of high-quality

gene annotation.

Coding exons can be identified directly from genomic sequence by the presence of

translation start/stop sites and splice acceptors and donors. Programs such as AUGUS-

TUS, Exonerate, mGene, mTim, NextGeneid, Tromer and Transomics exploit these fea-

tures to improve exon discovery. Of these, AUGUSTUS, mGene, and Transomics identi-

fied a greater proportion of annotated coding exons than mTim, Exonerate, NextGeneid,

and Tromer (Table B.3). These methods augment data-driven transcript reconstruction

with ab initio gene prediction, suggesting that higher sensitivity measures are due to

more extensive utilization of the underlying genomic sequence, thereby reducing the

need for support from RNA-seq data.

RNA-seq read coverage had a high impact on exon detection rates (Figure 3.4).

Through the use of ab initio prediction, AUGUSTUS, mGene and Transomics were

able to detect exons from protein-coding transcripts present at very low abundance.

All other methods required a minimum average read coverage to detect exons. Exon

detection increased with read coverage at a roughly linear rate until reaching a plateau.

One exception was Tromer, which often reported short exon fragments of 50-75 bp

flanking introns and failed to extend them to full exons, exemplarily shown in Figure 3.5c.
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Figure 3.3: Influence of exon rank on exon detection performance. Detection sensitivity for annotated
human exons classified as first, internal, terminal or single (that is those comprising an entire transcript).
Exon boundaries were required to be predicted exactly as annotated (left, center) or by employing
relaxed criteria for exons at transcript boundaries (right).
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Figure 3.5: Exon length distribution and internal exon detection rate stratified by read coverage.
(a) Exon length distributions in transcriptome assembly results. Colours indicate percentage of exons
within the indicated length intervals. (b) Exon detection rate stratified by read coverage exemplarily
for AUGUSTUS, Cufflinks, GSTRUCT, mGene, Trembly and Tromer. Bars indicate the percentage of
annotated internal exons (of human protein-coding genes) that overlap with reported exons. Reference
exons were binned by read coverage (x-axis) and further classified based on overlap with predicted exons
(inset legend). Specifically, the classes represent exons with a perfectly matching prediction (green);
exons for which all overlapping predictions span a larger region, including the entire reference exon
(dark blue); exons for which all overlapping predictions are contained within the reference exon (light
blue); and exons with other or multiple overlap types (pink). Note the high frequency of imperfect
overlaps for Tromer. See also Figure 3.4. (c) Isoforms predicted by Tromer (blue) at the SHKBP1
locus (yellow). The predicted isoforms contain several examples of Tromer failing to extend exons to
full exons as well as predicting exons spanning several annotated exons.
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Figure 3.6: Exon-level performance for non-coding exons. (a) Exon detection sensitivity relative
to coding potential. Percentage of detected exons belonging to coding (green) and non-coding (red)
transcripts in H. sapiens and D. melanogaster. (b) Influence of sequencing coverage on non-coding
exon-level sensitivity. Annotated exons of non-coding transcripts were binned according to RNA-seq
read coverage and method sensitivities were calculated for each bin separately.
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Therefore, Tromer predicted a higher fraction of very short exons compared to any other

method (Figure 3.5a), while also showing a tendency to predict very long exons spanning

multiple annotated exons (Figure 3.5b and c). This trend increased with read coverage

(Figure 3.5b). To a lesser extent Oases and Velvet also showed reduced performance for

high coverage exons (Figure 3.4).

The advantage of AUGUSTUS, mGene and Transomics was lost for non-coding tran-

scripts, which lack the signals exploited by these methods for coding sequence prediction.

Hence, these methods needed a certain read coverage in order to identify non-coding tran-

scripts (Figure 3.6b). Only annotation-based methods like SLIDE and iReckon were able

to identify lowly expressed non-coding transcripts at high rate. All unguided methods

detected exons of non-coding transcripts with lower accuracy (Figure 3.6a). Non-coding

RNAs tend to be expressed at lower levels than protein-coding genes (data not shown),

but even when controlling for differences in read coverage they were detected with lower

sensitivity (Figure 3.4 versus Figure 3.6b).

As the RNA-seq data used in this study did not retain strand information, strand

orientation had to be inferred from sequence features such as translation start and stop

signal or from spicing signals at spliced reads. Methods that did not exploit the genomic

sequence could therefore not identify the strand orientation for unspliced transcripts

(Figure 3.3). Accordingly, AUGUSTUS, mGene, and NextGeneid outperformed other

methods in the assignment of single-exon transcripts to the correct strand (Figure 3.3).

3.2.3 Intron detection from RNA-seq data

A distinguishing feature of the three species used for this study is intron composition,

where the relative number and size of introns differ markedly between the two model

organisms and the human genome. Whereas greater than 73% of all introns in C. elegans

and D. melanogaster are under 500 bp in length, this is the case for only 25% of introns

in H. sapiens (Table B.1).

Figure 3.7a shows the degree to which intron length influenced the intron detection

capabilities of various methods. Overall AUGUSTUS, mGene and Transomics showed

the highest intron detection rates. However, Transomics exhibited a sharper decline with

increased intron length. This trend was apparent for all methods except Tromer, which

exhibited a markedly lower detection rate for introns shorter than 300 bp. For the C.
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Figure 3.7: Intron detection performance. (a) Annotated introns were binned on length and sensitivity
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elegans data, the original Cufflinks submission failed to identify any intron under 50 bp

in length (data not shown). This was due to the standard behaviour of the software: a

parameter specifies the minimum intron length, with a default setting of 50 bp. This is

not appropriate for species with a large fraction of short introns, such as C. elegans where

this population comprises 25% (Table B.1). To more accurately capture the behaviour

of the program, Cufflinks was re-run on the same TopHat alignments used as input to

iReckon and SLIDE, for which minimum intron lengths were specified according to the

intron size distributions in each genome (see Methods).

To better characterise the differences in intron detection between methods, reported

introns were classified based on overlap with known splice sites (Figure 3.7b). Most

protocols predominantly detected known introns; several, however, also predicted a sub-

stantial number of introns with one or two novel splice sites. The highest frequencies

of novel junctions were predicted by mGene, Transomics, Tromer, Velvet, and the AU-

GUSTUS protocol that only used genomic sequence.

Intron detection is highly dependent on the underlying read alignments. For example,

PALMapper (Jean et al., 2010) was used as the alignment component in the mGene

and mTim protocols. As shown in Chapter 2, this aligner places more reads across

unannotated splice sites than does GEM (Marco-Sola et al., 2012), GSNAP (Wu and

Nacu, 2010), and TopHat (Trapnell et al., 2009; Kim et al., 2013); the latter programs

form part of the NextGeneid, GSTRUCT, and Cufflinks protocols, respectively. These

differences are reflected in the numbers of reported introns, where the behavior of the

alignment software influences the likelihood of a given method to produce novel junction

calls.

3.2.4 Assembly of exons into transcript isoforms

In this section, the ability of each method to link exons into defined splice products

based on RNA-seq data is analysed. Initially the gene loci for which any expression

was reported were determined, regardless of whether a valid transcript was identified,

followed by those consistent with at least one annotated isoform (Figure 3.8). Although

for most methods expression was detected at more than 80% of all genes, performance

decreased markedly when considering only genes for which at least one annotated tran-

script had been identified. For unguided transcript reconstruction, valid isoforms are
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Figure 3.8: Gene detection performance. Light green dots indicate the percentage of genes for which
some overlapping transcript was predicted. Dark green points indicate the percentage of reference genes
with matching assembled transcripts (sensitivity) and red ones the percentage of reported genes with
at least one transcript matching the reference (precision).

assembled for roughly half of expressed genes on average (H. sapiens mean 41%, max

61%; D. melanogaster mean 55%, max 73%; C. elegans mean 50%, max 73%), and for

those only one isoform was typically identified (Figure 3.9).

A significant reduction in sensitivity was also observed from the gene to transcript

level, even when using the flexible evaluation mode for first and terminal exons described

above (Figure 3.10a and Tables B.3- B.5). The best performing methods identified at

most 56-59% of spliced protein-coding transcripts from C. elegans (AUGUSTUS, mGene

and Transomics), 43% from D. melanogaster (AUGUSTUS) and merely 21% from H.

sapiens (Trembly). Sensitivity increased by roughly 10% when partial isoform matches

were considered, as did precision when including partial predictions consistent with

annotated isoforms (Figure 3.10).

Greater sequencing depth improved transcript assembly for D. melanogaster and C.

elegans (Figure 3.11a), whereas in H. sapiens transcript detection remained low despite

sequencing coverage in excess of 4.000 reads per kb of exon sequence. Generally, at

least one consistent isoform was identified for highly expressed genes: > 50% in D.
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Figure 3.10: Transcript level performance. Reference transcripts with a matching submission entry
(transcript-level sensitivity, dark green) and reported transcripts that match the reference (transcript-
level precision, dark red). Reference transcripts with partial matching submission entry (transcript-
level sensitivity (partial), light green) and reported transcripts that are consistent with the reference
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Figure 3.11: Influence of coverage on (a) transcript- and (b) gene level performance. Annotated
transcripts and genes were binned according to RNA-seq read coverage and method sensitivity was
calculated for each bin separately.

melanogaster and C. elegans, and > 35% in H. sapiens (Figure 3.11b). Detection rates

were even lower for non-coding RNAs (data not shown). Pseudogenes were reported

with similar frequency to protein-coding genes by AUGUSTUS, mGene, NextGeneid

and Transomics, as pseudogenes retain partially intact coding sequences that can be

identified by these methods (data not shown).

One explanation for the dramatic differences between species at the transcript level

is the tendency of methods to assign one splice product per gene (Table 3.1). Whereas

it is rare for genes in C. elegans and D. melanogaster to give rise to more than one or

two transcript isoforms, human genes are annotated with an average of three to four,

and it is unclear how many are simultaneously expressed. Assigning a single transcript

80



Chapter 3. Automated transcript reconstruction from RNA-seq data

model per gene may therefore impede the detection of multiple isoforms expressed in a

given sample.
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Figure 3.12: Transcript assembly performance. (a) Transcripts for which various subsets of constituent
exons have been reported. (b) Percentage of transcripts, for which all exons have been identified, that
were correctly assembled to a full-length annotated splice variant.
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To identify the limiting factors in this process, for each method the number of known

transcripts for which 1) all exons were identified, 2) exactly one exon was missing, 3)

more than one exon was missing and 4) no exons were detected at all, was calculated

(Figure 3.12a). The results clearly show that missing exons severely compromise tran-

script identification. For a significant fraction of transcripts not all exons are identified,

ranging from 30% in C. elegans to greater than 60% in H. sapiens. Interestingly, while

Trembly did not perform as well as AUGUSTUS, mGene, and Transomics at the exon

level, this method reported the highest number of transcripts for which all exons were

identified from H. sapiens data. In contrast, AUGUSTUS, mGene and Transomics iden-

tified at least one exon for most transcripts. The remaining methods failed to identify

any exons for nearly 10% of all transcripts.

The topology of transcript structures was examined to determine how well each

method was able to link detected exons into complete isoforms. Even in cases where

all exons of an annotated transcript had been identified, the full isoform was often not

assembled (Figure 3.12b). For C. elegans and D. melanogaster most methods were able

to reconstruct 60% of the transcripts from the RNA-seq data. However, from the H.

sapiens data less than 40% of known transcripts were assembled. Tromer stands out

as an exception: the program identified all exons for relatively few genes, but once

accounted for these were frequently linked into annotated transcript structures. Further

inspection showed that these tended to be short isoforms comprising two to three exons

on average, and thus represent a more tractable subset of the transcriptome. Provision

of transcript start and end sites gives iReckon an advantage for the more complex human

transcriptome, as evidenced by increased accuracy in assembling partial transcripts. In

contrast, SLIDE consults exon coordinates, but ignores their connectivity, performing

at a level similar to methods without any prior transcript-level information.

3.2.5 Agreement between methods

Transcript isoforms predicted by different methods often differed substantially as for

example for RPF2 in Figure 3.13a, and only few examples where consistent isoforms were

predicted by all methods were found (exemplarily shown for COX5B in Figure 3.13b).

Therefore the agreement between methods was determined on the intron and isoform

level.
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Figure 3.13: Examples of assembled and quantified transcripts. The upper tracks show RNA-seq
read coverage (from STAR alignments; see Methods) and annotated genes. Exon predictions from
the 10 methods that quantified transcripts are illustrated below the annotated gene by colored boxes.
Exons predicted to belong to the same transcript isoform are connected. Original and median-scaled
RPKM values are presented to the right and left, respectively, of the transcript models. (a) For RPF2,
all methods reported different isoforms and expression levels. (b) For the gene COX5B, all methods
reported similar transcript isoforms, but RPKM values differ substantially. Where multiple overlapping
isoforms were reported, that with the higher RPKM was chosen for visualization, and spliced isoforms
were prioritized over unspliced ones.
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Figure 3.14: Intron and transcript consistency between methods. (a) Heatmaps illustrate pairwise in-
tron agreement between methods. The agreement score Ai[i, j] denotes the fraction of introns predicted
by method i that were also predicted by method j. Methods were ordered by hierarchical clustering
using 1−(Ai[i, j]+Ai[j, i])/2 as the distance metric. (b) Heatmaps illustrate pairwise isoform agreement
between methods. The agreement score Aj [i, j] denotes the fraction of isoforms predicted by method
i that are consistent with isoforms predicted by method j. Methods were ordered by hierarchical
clustering using 1− (Aj [i, j] + Aj [j, i])/2 as the distance metric.
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First the intron agreement Aj[i, j] between methods i and j was defined as the

fraction of introns reported by method i that was also reported by method j. The pair-

wise agreement was used as input for hierarchical clustering, illustrated as heatmaps in

Figure 3.14a. The level of agreement between methods was similar for all three organ-

isms. Tromer showed little agreement with other methods on the two model organisms.

For some methods there are notable differences between their column and row in the

heatmap. A method that predicts only very few introns, but these are usually consistent

with other methods, will show good agreement across its row but little agreement across

its column as most introns predicted by other methods will be missed.

Similarly the isoform agreement Ai[i, j] between methods i and j was defined as

the fraction of isoforms predicted by method i that were equal or a subsequence of at

least one isoform reported by method j. Generally, the level of agreement was much

lower for isoforms compared to intron agreement. The agreement between methods was

similar for the model organisms (Figure 3.14b), but isoforms predicted for human showed

little agreement between methods (median agreement 25%) suggesting that methods are

predicting different subparts of transcripts as in the example of RPF2 in Figure 3.13b.

3.2.6 Quantification of expression levels from RNA-seq data

A core feature of transcript reconstruction software is the estimation of expression levels

from transcribed genes. These are given as digital read counts normalized by transcript

length and sequencing depth (reads per kilobase of exon model per million mapped

reads, RPKM) (Mortazavi et al., 2008). RPKM values were reported at the transcript

level from a subset of methods. A range of expression level distributions was evident

(Figure 3.15a). Generally, expression values show strong agreement between AUGUS-

TUS, Trembly, iReckon and mGene for all three data sets (Figures B.1- B.3). The

greatest variation arises from gene loci where divergent or incomplete transcript mod-

els have been computed (Figure 3.13a). However, expression level estimates can vary

considerably even where concordant transcript structures are reported as shown exem-

plarily in Figure 3.13b. Such differences were apparent also after scaling the RPKM

distributions to equalize medians (Figure 3.13a and b).

To establish independent expression level quantification a set of human genes was

assayed using the NanoString nCounter amplification-free detection system (Kulkarni,
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Figure 3.15: Comparison of transcript quantification. Distribution of gene expression values (RPKM)
for each method. Results are shown for annotated genes only. Where multiple transcripts were reported
for the same gene, the highest RPKM value was used, corresponding to the predominant transcript
identified by each method.

2011). The NanoString probe sequences can be found in Table B.6. Correlation be-

tween NanoString counts and RNA-seq RPKMs ranged from 0.34 for Transomics to

0.68 for Cufflinks, iReckon and Trembly (Figure 3.16). NanoString counts showed high

correlation with the number of reads mapped to the corresponding exon or junction

using STAR or TopHat2 (Figure B.4). Many methods failed to report numerous exons

or junctions targeted by probes that were expressed according to NanoString counts.

Read support at those loci was typically sparse, with 19 probes having no corresponding

alignments from the RNA-seq data (Figure B.4). These were, however, represented by

low NanoString counts, indicating that the nCounter assay exhibits higher sensitivity

for low-abundance transcripts than RNA-seq. For 10 of the unsupported NanoString

probes, consistent isoforms were still reported by either AUGUSTUS, iReckon, mGene,

SLIDE or Transomics. Thus, although the expression levels of these genes reflect the

lower limits of detection for both technologies, sequencing reads dispersed over the gene

body can allow for adequate transcript identification where ab initio methods or gene

annotation were applied.

In general, all methods displayed higher identification rates for exons and junctions

with higher NanoString counts (Figure B.5), and reliable detection from RNA-seq data
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Figure 3.16: Correlation between NanoString counts and transcript RPKMs. Scatter plots show
individual data points in black, with color intensity indicating the density of data points. Predicted
transcript were required to contain the exon or junction targeted by the NanoString probe. Where
multiple transcripts were reported for the same gene, the highest RPKM value was used. Where no
such transcript was reported, an RPKM of zero was assigned. Correlation coefficients (Pearson r) are
given for each comparison. Expression values were incremented by 1 prior to log transformation to
avoid infinite numbers.
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is dependent on read depth. Nonetheless, each failed to report a subset of exons and

junctions despite the availability of adequate RNA-seq alignments (Figure B.5b). Com-

paring NanoString counts with RPKM values of the predominant isoform reported for

each gene (irrespective of whether the targeted exon or junction was identified) improved

correlation for most methods, and significantly for mTim and Transomics (Figure B.6).

3.3 Conclusion

With the advent of high-throughput RNA sequencing a variety of approaches for the as-

sembly of short reads into complete transcripts have been proposed. The performance of

25 transcript reconstruction protocols from 14 developer teams was evaluated, in realistic

RNA-seq applications against high-quality reference genomes. The assessments spanned

a range of increasingly stringent metrics, from nucleotide-level correspondence with basic

transcript components to the assembly of full-length, multi-exonic splice variants.

AUGUSTUS, mGene and Transomics performed well at nucleotide- and exon-level

detection for protein-coding genes. These methods predict transcript features from trans-

lation and splicing signals in the genomic sequence, then report the model best supported

by RNA-seq data. Combining ab initio prediction with experimental data provides an

advantage in detecting genes expressed at low abundance, or from samples with low

sequencing coverage. Even so, the benefits of this approach were most evident for C.

elegans and lessened with increased transcriptome complexity.

The more challenging task of isoform reconstruction was reflected by lower perfor-

mance in transcript-level evaluations. These results underscore the difficulty of transcript

assembly, which relies on two outcomes: all exons comprising a given transcript must

be identified, and these must then be connected to form the correct isoform structure.

For most transcripts, automated methods failed to identify all constituent exons, and in

cases where all exons were reported the protocols tested often failed to assemble them

into complete transcript structures. Whereas methods using ab initio prediction retain

an advantage in detecting individual exons, others performed better at linking them

together. For example, Trembly detected fewer exons than AUGUSTUS, mGene and

Transomics, but identified the greatest number of valid transcript isoforms in H. sapiens.

GSTRUCT did not reach the same detection rate as Trembly, but featured the highest
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overall precision of all methods. In H. sapiens and C. elegans, 57% and 60% of tran-

scripts reported by GSTRUCT matched known isoforms and 76% in D. melanogaster.

AUGUSTUS, GSTRUCT, mGene, Transomics, and Trembly thus outperformed other

methods evaluated here, but no single protocol excelled at all metrics. Comparing the

performance of AUGUSTUS with and without RNA-seq data as input revealed that

using experimental evidence only slightly improved exon-level detection, but increased

transcript-level precision. Transomics featured enhanced precision for high-abundance

transcripts, but expression level differences had little impact on detection sensitivity.

Precision was a consistent strength of GSTRUCT. Tailoring the analysis protocol to

suit more general attributes of a particular species can also be an important criterion.

For example, the default threshold for minimum intron size impaired performance of the

original Cufflinks submission on the C. elegans data significantly.

Accurate identification of single-exon transcripts proved difficult for many of the

methods tested. In these cases the detection of discrete transcription products may ben-

efit from sequencing protocols that preserve strand orientation, such that exon coverage

and read depth better reflect the expression of contiguous RNAs. For spliced transcripts,

the correct strand can typically be inferred from the genomic sequence at exon-intron

boundaries.

Significant variation was observed in the range of expression level estimates reported

for transcripts arising from the same gene loci. This was exacerbated by non-uniform

exon detection and linkage between methods, but was also apparent when similar or

identical transcript structures were reported. Thus, it may be unreliable to directly

compare gene-based RPKM values from sample data processed independently with dif-

ferent software tools. RNA-seq data to be compared from disparate sources should be

treated in an identical manner from the initial processing steps. Where this is not pos-

sible, care should be taken to ensure that similar gene models have been identified, and

RPKM distributions should be inspected before applying expression level thresholds in

downstream analyses.

The potential for non-coding RNA discovery and characterization is a significant

advantage of RNA-seq. However this remains a challenging area for automated anal-

ysis methods. Performance is often impaired by lower expression levels of non-coding

transcripts relative to many protein-coding genes, coupled with the inherent lack of

translational features at the sequence level. The presence of open reading frames and
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translation start/stop signals allowed some methods to identify protein-coding tran-

scripts even at very low expression levels, whereas the detection of non-coding RNAs at

high confidence required much greater read depth. Sequencing coverage thus appears to

be crucial for accurate non-coding RNA profiling.

Two of the methods evaluated here, Velvet and Oases, carry out direct transcriptome

assembly rather than aligning sequencing reads to a reference genome, and can therefore

be applied to RNA-seq data from species where a genome build is not available. Velvet

was originally developed for genome assembly from short read data. Oases is an adap-

tion of that software, taking into account the unique challenges posed by transcriptome

assembly from RNA-seq data, such as uneven coverage across transcript exons due to

amplification bias or where multiple isoforms are expressed. As expected, both methods

reached similar performance at the nucleotide and exon levels. At the transcript level,

however, Oases achieved higher detection rates for the more complex transcriptomes

of D. melanogaster and H. sapiens. Although performance is generally enhanced by

genome alignment strategies, studies on organisms with a reference genome assembly of

lower quality may benefit from a combined approach exploiting both genome alignments

and de novo strategies. An ongoing project focused entirely on de novo transcriptome

assembly methods is the DREAM6 challenge (www.the-dream-project.org).

The methods evaluated here can be applied to a range of analysis strategies, largely

dependent on the state of the reference genome assembly and associated gene annotation

for the target species. To improve the accuracy of existing annotation using RNA-seq,

both Cufflinks and iReckon consult known gene structures during the transcript assembly

process and may be useful in refining the coordinates of exon and transcript boundaries.

Where a finished genome and high-quality annotation are available, Cufflinks and rQuant

(part of the mGene protocol) can be applied solely for transcript quantification, which

can further be improved by correcting for fragment bias. Gene prediction algorithms such

as AUGUSTUS and mGene can be used to automate the annotation of novel genomes,

whereas RNA-seq experiments based on partial or low-quality genome builds can be

approached with a de novo assembler like Oases. This last application is expected to

receive increasingly wider attention with the continued sequencing of new genomes.

RNA-seq offers the potential for precise refinement of existing gene annotation through

the discovery of novel exons and junction sites. However, unannotated transcript iso-

forms assembled from RNA-seq data should be interpreted with care, and those critical
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to an experimental study subjected to independent validation. The expression of mul-

tiple transcript isoforms and novel splice variants presents a major obstacle to accurate

transcriptome reconstruction. Both exon identification and novel RNA discovery can

improve with increased read depth, but the benefits of additional sampling to transcript

assembly are inherently limited by the library construction requirements of current high-

throughput sequencing instruments. Ultimately, the evolution of RNA-seq will move to-

ward the single-pass determination of intact transcripts. Third-generation instruments

will realize that potential and inspire new computing approaches to meet the next wave

of innovation in transcriptome analysis.
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3.4 Methods

3.4.1 Gene expression data

The H. sapiens RNA-seq data corresponds to the ENCODE (Harrow et al., 2012)

data set HepG2 whole cell long polyA+ RNA CALTECH replicate 2, available from

http://www.encodeproject.org. The D. melanogaster data set comprised a total of

five sequencing runs from the modENCODE project (Graveley et al., 2011) for three L3

stage larval samples, and can be obtained from the Sequence Read Archive (http://www.

ncbi.nlm.nih.gov/sra) under accession numbers SRR023546, SRR023608, SRR023505,

SRR027108 and SRR026433. The C. elegans data has previously been described (Mor-

tazavi et al., 2010) and is available under accesssion SRR065719. All three data sets

consist of 75-76 bp paired-end reads sequenced on the Illumina Genome Analyzer II. All

of the data used in this study have been consolidated as a single experimental record

in the ArrayExpress repository (http://www.ebi.ac.uk/arrayexpress) under accession E-

MTAB-1730.

3.4.2 Establishment of reference genome annotations

As not all genes are expressed in the samples used in the study, benchmarking meth-

ods against the entire set of annotated genes would underestimate transcript detection

sensitivity. Therefore, the genome annotations (H. sapiens : GENCODE (Harrow et

al., 2012)/Ensembl version 70, D. melanogaster : FB2013 01, C. elegans : WS200) were

preprocessed to include only exons and transcripts with sufficient support in the RNA-

seq data. Reads were mapped to the reference genomes using STAR version 2.2.0c, an

independent RNA-seq aligner that is not a component in any of the evaluated tran-

script assembly methods (Dobin et al., 2013). To improve spliced alignment, STAR

was provided with exon junction coordinates from the reference annotations. Default

alignment parameters were used for the human data. For D. melanogaster and C. ele-

gans, the intron size limit was reduced to 100000 and 15000 respectively (using options

--alignIntronMax and --alignMatesGapMax). For each annotated exon, the number

of mapped read pairs per base was computed and exons with a value below 0.01 were

excluded from further analysis. Only transcripts for which all exons satisfied this crite-
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rion were included in transcript-level assessments. Changing the underlying aligner did

not change the results (Figure 3.17).

3.4.3 Data processing for Cufflinks, iReckon and SLIDE

RNA-seq reads were aligned with TopHat version 2.0.3 using parameters suited to each

species. The genomes of D. melanogaster and C. elegans contain a high percentage

of small introns; examining their size distributions led us to set the parameters -i,

--min-coverage-intron and --min-segment-intron to 30 for C. elegans, 40 for D.

melanogaster and 50 for H. sapiens.

Cufflinks was re-run with default settings except for the --min-intron-length pa-

rameter which was set to 30 for C. elegans, 40 for D. melanogaster and 50 for H. sapiens,

consistent with the TopHat alignments. To maintain the greatest compatibility with

submitted results that were computed without annotation, iReckon was run with the

minimum annotation requirements, that is start and end sites of all annotated tran-

scripts (not filtered by read coverage). SLIDE was run in discovery mode and provided

with the full unfiltered annotation for each genome.

3.4.4 Evaluation of prediction sets

Feature predictions were evaluated against the filtered reference annotation sets at four

structural levels: nucleotide, exon, transcript and gene. The nucleotide-level metrics

measure the ability of methods to identify exonic regions, ignoring the strand and ex-

act boundaries of features. Nucleotide-level precision was computed as the number of

genomic base pairs within both annotated and predicted exons, divided by the num-

ber of genomic base pairs within predicted exons. Similarly, nucleotide sensitivity was

computed as the number of genomic base pairs shared between annotated and predicted

exons, divided by the number of genomic base pairs within annotated exons.

The exon-level metrics measure the ability of the different algorithms to identify the

correct strand and boundaries of exons. Precision was calculated as the percentage of

reported exons with an annotated counterpart, and sensitivity denotes the percentage

of annotated exons that were correctly assembled. Annotated exons were classified

as first, internal, terminal and those comprising unspliced transcripts (single exons).

Unless stated otherwise, a flexible evaluation mode was employed for first, terminal
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Figure 3.17: Influence of aligner choice on the assessment. Exon-, transcript-, and gene level perfor-
mance based on filtered annotation derived from either a STAR, TopHat2 or GSNAP alignment.
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and single exons. Specifically, first and terminal exons were required to have correctly

predicted internal borders only, and exons constituting unspliced transcripts were scored

as correct if covered to at least 60% by a predicted transcript. Exons shared between

different transcript isoforms were counted once. For comparison, certain analyses were

also carried out using a fixed evaluation mode, where annotated and predicted exons

were required to match exactly.

Transcript-level precision was computed as as the percentage of reported spliced

transcripts matching an annotated transcript, and sensitivity as the percentage of an-

notated spliced transcripts with a counterpart in the transcript reconstruction output.

Consistent with the flexible evaluation mode for exons (see above), transcript start and

end sites were allowed to differ between reference and prediction, but splice sites were

required to match exactly. Genes were scored as correctly predicted if at least one

annotated transcript isoform in a given gene locus was correct.

3.4.5 Evaluation of transcript quantification

In order to compare transcript quantification results among methods, for each annotated

gene the corresponding predominant transcript reported by each method was identified.

The predominant transcript was defined as the transcript with the highest reported

RPKM value, among those isoforms intersecting annotated exons of the gene. A subset of

human transcripts was quantified independently by NanoString assays in Ali Mortazavi’s

lab, Biological Sciences III, University of California Irvine, Irvine, USA. Genes of at least

1 kb in length, for which annotated exon-intron structures have been manually curated,

and having at least two transcripts satisfying these criteria were selected. A total of

109 genes were targeted by 141 distinct probes, designed against specific exons or splice

junctions. NanoString counts were compared to the highest RPKM value reported for

transcript isoforms consistent with the probe design (correlation rc) or for any isoform

from the locus (correlation ra). Pearsons r was calculated based on the log-transformed

NanoString counts and RNA-seq RPKM values. Expression values were incremented by

1 prior to log2 transformation to avoid infinite numbers.
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Reference annotation

Transcript prediction

Unique exon sets (exon level)

Level fixed mode flexible mode

Feature Sensitivity Precision Sensitivity Precision

Exon CDS 1.00 0.83 NA NA
Exon 0.80 0.67 1.00 0.83

Transcript CDS 0.50 0.33 NA NA
Exon 0.00 0.00 0.50 0.33

Gene CDS 1.00 1.00 NA NA
Exon 0.00 0.00 1.00 1.00

Figure 3.18: Structural validation strategy. Transcript models were validated against annotated
isoforms. For exon-level evaluation, transcripts were collapsed into unique exon sets, that is exons
shared between transcript isoforms are counted once. Sensitivity (a.k.a. sensitivity) was calculated
as the proportion of reference features (exons, transcripts, or genes) matched by a reported feature.
Precision was calculated as the proportion of reported features matching a reference feature. In this
study primarily the flexible evaluation strategy, where exact agreement between transcript boundaries
was not required, was used. For comparison, certain analyses were also carried out using a fixed
evaluation mode, where annotated and predicted exons were required to match exactly.
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Chapter 4

Exploring the Stat3-dependent

Transcriptome in ES Cells

4.1 Introduction

As described in the introduction, embryonic stem (ES) cells are derived from the pre-

implantation mouse embryo (Evans and Kaufman, 1981; Martin, 1981; Nichols et al.,

1990; Brook and Gardner, 1997) and can be maintained in culture indefinitely when

grown in the right conditions. The LIF-dependent activation of Stat3 is known to play

an important role in the promotion of ES cell self-renewal and ES cell derivation (Niwa

et al., 1998). It also is a limiting factor of somatic cell reprogramming (Yang et al.,

2010; Tang et al., 2012). The fact that EpiSCs and primate ES cells are cultured in

the absence of LIF supports the notion that Stat3 responsiveness is a feature of naive

pluripotency (Dahéron et al., 2004; Sumi et al., 2004; Humphrey et al., 2004). There-

fore, understanding LIF-dependent Stat3 signalling is crucial for a full understanding

of ground state pluripotency. However, little is known about the mechanism of Stat3

dependent induction of gene expression. The identification of novel Stat3 targets (both

coding and non-coding) and the analysis of interactions between Stat3 and the pluripo-

tency network are the main focus of this chapter.
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4.1.1 Stat3 signalling in ES cells

Despite the important role of Stat3 in mouse stem cell maintenance and induction of

pluripotency, little is know about its downstream effectors. The core pluripotency factors

Oct4, Sox2, Nanog or Esrrb are not directly regulated by LIF. Although Stat3 binds

to the promoter region of Oct4, Sox2 and Nanog as well as to an intronic region of

Esrrb the expression of these factors is not induced upon LIF exposure. Several efforts

to identify direct targets of Stat3 have identified transcription factors Klf4, Pim1 and

Gbx2 (Li et al., 2005; Niwa et al., 2009; Hall et al., 2009; Tai and Ying, 2013). However,

none of these factors are indispensable for LIF-responsiveness of ES cells and their forced

expression cannot substitute for LIF signalling. Notably, Klf4 is one of the canonical

Yamanaka reprogramming factors (Takahashi and Yamanaka, 2006) found to enable

reprogramming of somatic cells, but as discussed in the introduction LIF is required in

addition to the four factors (Tang et al., 2012). Since none of the known Stat3 targets

can substitute for LIF signalling, the downstream effect of Stat3 is accomplished either

via additive effects of multiple target genes or via a crucial unidentified target.

Several attempts have been made to identify Stat3 target genes involved in mouse

ES cell self-renewal. Sekkai et al. used microarrays to identify transcriptional differences

between ES cells cultured in LIF and serum supplemented media and ES cells where

Stat3 activity has been shut down, either through LIF deprivation or expression of a

tetracycline regulable dominant-negative Stat3F mutant (Sekkäı et al., 2005). Changes in

gene expression were analysed at 16, 24 and 48 hours of LIF withdrawal in the presence

of tetracycline to suppress Stat3F expression. The same time points were analysed to

identify variations in gene expression induced by Stat3F expression. Genes commonly

downregulated in both experiments and thus potential Stat3 targets were Socs3, Inhbb

and Aes. Stat3 binding to the Aes promoter was confirmed by ChIP experiments. No

functional analysis of Aes or other potential targets was performed. Notably, known

Stat3 targets as Junb, Klf4 and Klf5 were not identified in this study.

Bourillot et al. made an attempt to identify genome-wide Stat3 targets using E14-

S3ER cells expressing a hormone-dependent STAT3-ER from an episomal vector (Bouril-

lot et al., 2009). These cells can be maintained in serum/LIF activating endogenous Stat3

or in serum and 4′-hydroxytamoxifen (4′-OHT) activating the ligand-dependent STAT3-

ER. E14/T ES cells expressing hormone-dependent Cre-ER recombinase (E14-CER)
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were used as a control. These cells are strictly dependent on LIF. In order to detect

Stat3 downstream targets both E14-S3ER ES and E14-CER cells were deprived of LIF

and 4′-OHT for 24 hours. E14-S3ER cells were then stimulated by either LIF for one

hour or 4′-OHT for two hours. Additionally E14-CER were stimulated by 4′-OHT for

two hours. Genes that were both activated in E14-S3ER ES cells stimulated by LIF and

4′-OHT and not in E14-CER cells upon 4′-OHT stimulation, were selected for further

investigation. Selection for fold-change > 1.3 and excluding targets that required de-

novo protein synthesis (blocked by cycloheximide treatment) resulted in 58 Stat3 target

genes. Knock-down of 23 of these target genes increased the frequency of differentiated

colonies in self-renewal assays, indicating that they are involved in ES cell maintenance.

All studies described above are based on mouse ES cells cultured in media supple-

mented with serum and LIF (serum/LIF). Target genes are identified after LIF with-

drawal which causes mouse ES cells to differentiate. As discussed in the introduction,

media supplemented with two selective small molecule inhibitors (2i) of Gsk3 and Mek

kinases eliminate mouse ES cell differentiation and can sustain self-renewal in the absence

of LIF (Ying et al., 2008; Wray et al., 2010). This allows the derivation and expansion of

Stat3-/- ES cells. Comparing the transcriptome of Stat3 positive and negative cells in the

absence of LIF as well as after LIF exposure enables exploration of the Stat3-dependent

transcriptome.

Stat3 plays an important role in various cell types. Additional to its role as main-

tainer of pluripotency, Stat3 induces acute-phase response in hepatoma cells, stimulates

proliferation in B lymphocytes and activates terminal differentiation and growth arrest

in monocytes (see Levy and Lee, 2002 for a review). Depending on the cellular context

Stat3 induces distinct sets of target genes. Therefore, it is desirable to elucidate the

mechanisms how Stat3 regulates gene expression of its target genes. For several cell

types Stat3 is known to cooperate with other factors to regulate gene expression. In

T-cells, for example, Stat3 cooperates with IRF4 transcription factors to induce gene

expression. Also in AtT-20 cells, a cancer cell line, Stat3 regulates gene expression to-

gether with glucocorticoid receptor (GR). In ES cells Stat3 has been proposed to control

gene expression in a c-myc dependant manner (Kidder et al., 2008). However, the over-

lap of Stat3 and c-myc is quite small and more recent studies show a more prominent

overlap between binding sites of Stat3 and other pluripotency factors.
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4.1.2 Outline

In order to explore the Stat3-dependent transcriptome in ES cells, gene expression was

analysed in the presence and absence of LIF by RNA sequencing. In order to distin-

guish between Stat3 targets and other LIF downstream effects, ES cells devoid of Stat3

were used as a control. Information on Stat3 binding sites from in-house ChIP-seq ex-

periments was combined with publicly available data to study the cooperation of Stat3

with other transcription factors in ES cells. The experimental part of the work was

performed by Graziano Martello and Jason Wray from Austin Smith’s laboratory at

the Wellcome Trust - Medical Research Council Cambridge Stem Cell Institute, Cam-

bridge UK. Library preparation was performed by Paul Bertone, European Molecular

Biology Laboratory, European Bioinformatics Institute, Cambridge UK, for the RNA-

seq experiment and by Maike Paramor, Wellcome Trust - Medical Research Council

Cambridge Stem Cell Institute, Cambridge UK, for the ChIP-seq experiments. Parts of

the analysis have been used and acknowledged in Martello et al. (Martello et al., 2013).

Supplementary information is available in Appendix C.

4.2 Results

RNA was sequenced for wild-type ES (Stat3+/+) cells as well as Stat3 null (Stat3-/-)

cells in three different conditions each (Figure 4.1a): cultured in 2i only, cultured in 2i

and one hour LIF, cultured in 2i and 24 hours LIF. For each cell line and condition

combination two biological replicates were sequenced. Each library yielded roughly 36M

reads which were aligned to the mouse genome using GSNAP (Wu and Nacu, 2010). Gene

expression showed high correlation between biological replicates (Figure C.1). ChIP-seq

was performed for total Stat3 and phosphorylated Stat3 in Stat3+/+ cells exposed to

LIF for one hour.

4.2.1 Using Stat3-/- ES cells to identify genuine Stat3 targets

As described above and depicted in Figure 4.1b, LIF activates more than the Jak/Stat3

pathway. Stat3-/- ES cells, which can be derived and expanded in 2i media, enable the

identification of LIF downstream targets that are independent of Stat3 (Figure 4.1c). A

set of 3964 genes was identified as differentially expressed between Stat3-/- and Stat3+/+
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Stat3+/+

2i 2i + 1h LIF 2i + 24h LIF

Stat3-/-

2i 2i + 1h LIF 2i + 24h LIF

RNA-seq

a

LIF

PI(3)KGrb2 Jak

Gp130/LIFR

Stat3MAPK Akt

Klf4 X Y

Pluripotency

LIF

PI(3)KGrb2 Jak

Gp130/LIFR

Stat3MAPK Akt

Klf4 X Y

Pluripotency

b c

Figure 4.1: Experimental setup and pathways induced by LIF in Stat3+/+ and -/- cells. (a) RNA-seq
data was derived for Stat3+/+ and Stat3-/- cells for cultured in 2i, 2i + 1h LIF and 2i + 24h LIF. Two
biological replicates were generated for each cell line and condition combination. (b) Pathways induced
by LIF in wild-type ES cells. (c) Pathways induced by LIF in Stat3-/- cells. Genes whose expression is
induced by Stat3 can be identified by subtracting the set of upregulated genes in Stat3-/- cells from the
set of upregulated genes in Stat3+/+ cells.
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Table 4.1: Enriched GO terms. The top ten enriched GO terms for genes differentially expressed
between Stat3-/- and Stat3+/+.

GO term P-value

Translation 1.96E − 13
Transcription 2.68E − 10
RNA processing 4.50E − 10
Cell cycle 6.26E − 10
Regulation of transcription 5.42E − 7
Cell cycle process 4.23E − 6
Cell cycle phase 4.34E − 5
Mitotic cell cycle 4.17E − 5
Chromosome organization 1.88E − 4
ncRNA processing 1.70E − 4

ES cells, with roughly half of them being up- and half of them being downregulated. GO

term analysis identified biological processes that were enriched among the differentially

expressed genes. Four out of the top ten enriched GO terms were related to the cell

cycle (Table 4.1). Indeed the Stat3-/- ES cells showed a slightly lower proliferation rate

than Stat3+/+ ES cells (Graziano Martello, personal communication). Examination of

expression levels of genes associated with either pluripotency or germ layer specifica-

tion showed no major differences between Stat3-/- and Stat3+/+ cells maintained in 2i

(Figure 4.2).

Stat3-/- cells do not exhibit any overt sign of spontaneous differentiation or appre-

ciable cell death and can form high-contribution chimeric embryos upon blastocyst in-

jection (Martello et al., 2013). Colony formation efficiency is unchanged compared to

wild-type ES cells. Deletion of Stat3 therefore does not impair ES cell self-renewal

efficiency in 2i. However, these cells are strictly dependant on 2i and are not able to

self-renew in other culture conditions since they are not responsive to LIF. This indicates

that activation of Stat3 cannot be substituted by other LIF-induced signals.

Besides JAK/Stat3, LIF activates PI3 kinase and Erk signalling as well (Burdon et

al., 1999). LIF enhances self-renewal efficiency in all ES cell culture conditions, including

2i (Wray et al., 2010). However, LIF shows no increase in colony-forming efficiency of

Stat3-/- cells in 2i while efficiency for wild-type cells was increased (Martello et al.,

2013). Clustering the RNA-seq samples based on the Euclidean distance between their

gene counts showed that the gene expression profile of Stat3-/- cells is very similar in
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Figure 4.2: Expression levels of genes associated with pluripotency or lineage priming. (a) Log trans-
formed RPKM values for pluripotency factors. (b) RPKM values for genes associated with ectoderm
lineage priming. (c) RPKM values for genes associated with mesoderm development. (d) RPKM values
for endoderm marker genes. (e) Hierarchical clustering of all samples based on gene counts.
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Table 4.2: Number of differentially expressed genes. The table lists the number of up- and downregu-
lated genes for five different comparisons. Complete lists of differentially expressed genes can be found
in Appendix C.

Comparison Upregulated Downregulated

Stat3-/- in 2i Stat3+/+ in 2i 1737 2227

Stat3-/- in 2i Stat3-/- in 2i + 1h LIF 43 2

Stat3-/- in 2i Stat3-/- in 2i + 24h LIF 1196 1083

Stat3+/+ in 2i Stat3+/+ in 2i + 1h LIF 188 360

Stat3+/+ in 2i Stat3+/+ in 2i + 24h LIF 295 652

2i and after one hour LIF exposure (Figure 4.2e). In contrast, in Stat3+/+ the samples

exposed to LIF cluster together, indicating that one hour LIF exposure is enough to

alter the gene expression profile in Stat3+/+ cells. Together these findings verify the

primary role of Stat3 mediating the LIF signal to ES cell self-renewal.

4.2.2 Response of wild-typ ES cells to LIF

Potential LIF targets were identified by analysing genes that were differentially ex-

pressed in Stat3+/+ cells following LIF treatment, but not LIF-responsive in Stat3-/-

cells. Both annotated and novel genes were analysed (Section 4.2.2.1 and Section 4.2.2.2

respectively). Stat3+/+ cells responded within one hour to LIF treatment (Figure 4.2e)

enabling the study of primary targets. However, since Stat3 binds to its target genes

with different affinities, it is likely that not all direct targets respond within one hour.

Therefore, a later time point was included, which also enabled the study of secondary

targets.

4.2.2.1 Differential expression analysis

Differentially expressed genes were identified based on gene read counts using DESeq (see

Methods). The pairwise comparisons and the resulting number of differentially expressed

genes are shown in Table 4.2. After one hour of LIF exposure, 548 genes are differentially

expressed of which 188 genes are upregulated (Figure 4.3 and Table 4.2). Socs3 (sup-

pressor of cytokine signalling 3) showed the highest induction of gene expression after

LIF exposure. Socs3 is a known Stat3 target and forms a negative feedback loop of the

Jak/Stat3 pathway to regulate Stat3 activation (Boyle et al., 2009). The LIF-induced
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Figure 4.3: Differentially expressed genes in Stat3+/+ cells. Displayed are mean-centred RPKM values
of differentially expressed genes.

genes also include the known Stat3 targets Klf4, Pim1, Gbx2, Zfp36l1, Spry2 and Icam1

as well as Stat3 itself. Additionally, the known Stat3 targets Klf5, Sbno2, Zfp36 and

Junb are upregulated after 24 hours of LIF stimulation. Stat3 is commonly regarded as

a transcriptional activator (Boeuf et al., 1997; Darnell, 1997). Nonetheless, more genes

were repressed than activated following LIF exposure (Figure 4.3 and Table 4.2). This

could be either a direct effect of Stat3 or a secondary effect. The LIF-induced genes are

discussed more in detail in Section 4.2.3, where Stat3 binding data is used to distinguish

between direct and secondary effects and to study the integration of Stat3 within the

pluripotency network.

4.2.2.2 Detection of novel transcripts

One main advantage of RNA-seq experiments is the detection of unannotated transcripts,

including non-coding ones. Non-coding transcripts have been shown to play a role in ES

cell maintenance although the mechanisms remains unknown for most of them (Loewer

et al., 2010; Guttman et al., 2011; Livyatan et al., 2013). In order to identify novel

LIF-dependent transcripts, Cufflinks (version 2.1.1) was used to reconstruct transcript

isoforms guided by the Ensembl annotation. The Cuffcompare utility classifies assem-
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Figure 4.4: Classification of isoforms assembled by Cufflinks. (a) Classification of assembled tran-
scripts in relation to annotated genes from Ensembl. (b) Number of exons of novel intergenic transcripts
identified by Cufflinks.

bled transcript isoforms relative to annotated transcripts and was used to distinguish

between known and novel transcripts (Figure 4.4a). The majority of novel isoforms

predicted by Cufflinks were intronic which may be due to a higher level of pre-mRNAs

in libraries derived from ribosomal depletion. About 20000 novel intergenic transcripts

were identified. While most of these were single-transcript isoforms (95%), about 900

spliced isoforms were detected (Figure 4.4b).

To determine whether any of these novel intergenic transcripts responded to LIF,

differential expression analysis was performed. A set of 10 novel transcripts was differ-

entially expressed following LIF exposure, of which three were activated by LIF. None of

the LIF-induced transcripts were spliced. However, visual inspection of the data revealed

that several transcripts, whose expression was induced by LIF, were not identified by

Cufflinks. To compensate for this, a simple sliding window approach was implemented

to assembly mapped reads into novel transcripts (see Methods). These were classified

according to their position relative to their closest annotated gene (Figure 4.5a).

Again intronic transcripts were most abundant (Figure 4.5b). To determine whether

these might be due to the presence of pre-mRNAs in the sample, the relation between
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the expression of intronic transcripts and their associated annotated transcripts was

analysed. Genes associated with intronic transcription were on average expressed at a

higher level (t-test P -value < 1.0e− 10, see Methods, Figure 4.5c) and their expression

was highly correlated with the expression of intronic transcripts (Figure 4.5c). To iden-

tify real intergenic transcripts, the expression ratio between the intronic transcript and

the corresponding gene was determined. For 290 intronic transcripts, the unannotated

transcript was expressed at least at 50% of the expression level of the associated gene

and supported by 50 reads or more. Of these, 16 were activated by LIF. An example of

an LIF-induced intronic transcript is shown in the Appendix in Figure C.2.

Using a strand-specific library preparation protocol enabled the analysis of antisense

transcription. Antisense transcripts play an important role in controlling gene regu-

lation (Katayama et al., 2005; Xu et al., 2011; Modarresi et al., 2012). Most antisense

transcripts overlapped annotated exons (Figure 4.5b). Strand-specific RNA-seq methods

are known to have a certain error rate (0.5-1% for the best methods such as the dUTP

protocol used for this study, Levin et al., 2010) and therefore some of the observed ex-

onic antisense transcripts may be due to this artefact. The expression of most antisense

transcripts correlated with the expression of their associated gene (Figure 4.5d), which

tended to be highly expressed (P -value < 1.0e − 10, Figure 4.5c). This indicates that

a large proportion of detected antisense transcription may be due to strand specificity

not being entirely preserved during the library preparation. In order to identify real

antisense transcripts, the ratio between the expression of the antisense transcript and of

the associated annotated gene was determined. For the majority of antisense transcripts

the expression level was around 3% of the expression level of the associated gene and

thus likely due to a small error rate of the strand-specific protocol (Figure 4.5e). Never-

theless, 249 antisense transcripts were supported by at least 50 reads and were expressed

at a level of at least 50% of the expression level of the associated gene. The expression

of 18 of these antisense transcripts was upregulated upon LIF exposure. However, none

of the associated annotated genes were differentially expressed after LIF induction.

Differential expression analysis for the intergenic transcripts identified 368 differential

expressed transcripts of which 174 were upregulated in Stat3+/+ cells following one hour

of LIF stimulation. The three novel transcripts identified by Cufflinks were also identified

in this analysis. For six of the novel transcripts, qPCR was used to validate that their

expression was upregulated following LIF exposure. All six transcripts were detected
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using qPCR, but only the expression of five of them was upregulated with a fold change

> 1.3 (Figure 4.6). The fold changes observed using qPCR were generally lower than

fold changes derived from the RNA-seq data, most likely due to the wider range of

expression levels detectable by RNA-seq.

Correlation of expression levels between the twelve samples was used to identify novel

regions that potentially belong to the same spliced transcript (see Methods). In particu-

lar, for lowly expressed transcripts which may not have support of spliced reads, expres-

sion level correlation can provide some indication whether some transcribed regions are

expressed together. A total of 2239 potentially spliced transcripts were assembled this

way. One of these was selected for validation by qPCR. For this purpose primers were

designed to target the predicted the splice sites. All three junctions were confirmed by

qPCR and also the whole spliced transcript could be confirmed by qPCR (Figure 4.6).

Notably, Cufflinks identified only the first two exons of this transcript. This shows that

expression correlation between samples can be exploited for transcript assembly. To my

knowledge, none of the current available transcript assemblers make use of this kind of

information. None of these potentially spliced transcripts were LIF-responsive and were

therefore not analysed further.

These results indicate that Stat3 induces the expression of unannotated transcripts.

Knock-down experiments using shRNAs may determine whether these transcripts have

an effect on the self-renewal capacity of ES cells.

4.2.3 Integration of Stat3 binding data

To gain functional insights into the role of Stat3 in the maintenance of ES cells, informa-

tion about Stat3 binding sites is essential. Stat3 binding profiles were generated using

ChIP-seq experiments in mouse ES cells cultured in 2i/LIF supplemented media (see

Methods). Two experiments were performed targeting both total Stat3 and phosphory-

lated Stat3 (pStat3). A total of 1523 binding sites were identified for Stat3 and 1026 for

pStat3 (see Methods). More than 550 sites overlapped between the two data sets. For

the following analyses binding sites from both experiments were combined.
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Figure 4.6: Novel region validation. (a) Fold-changes observed by RNA-seq (blue) and qPCR (green)
for six unannotated transcripts. (b) Genome brower image showing expression of the unannotated
transcript at locus chr5:116380220-116382703 after LIF exposure. (c) Validation of 3 predicted junctions
and the full transcript using different sets of primers. A qPCR product was present for each tested
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4.2.3.1 Identification of Stat3 targets involved in ES cell self-renewal

Direct Stat3 downstream targets must be distinguished from Stat3-independent LIF

targets, since LIF activates other pathways besides the JAK/Stat3 pathway. Exploiting

Stat3-/- cells enables the identification of genes that are directly regulated by Stat3

activation rather than other signals downstream of the LIF receptor. Both Stat3-/- and

Stat3+/+ ES cells were exposed to LIF for either 1 hour or 24 hours. The first time point

of LIF stimulation is expected to enrich for primary transcriptional targets. Differential

expression analysis identified 188 genes upregulated in Stat3+/+ cells (see Methods). 43

genes were activated by LIF in Stat3-/- cells. The expression of Irf9, which is involved

in immune response, was induced both in Stat3-/- and Stat3+/+ cells suggesting that it

is a Stat3 independent target of LIF.

To further enrich for direct Stat3 target genes, Stat3 binding sites were annotated

with known genes and compared to the set of LIF-induced genes (see Methods, for a

list of Stat3 bound genes see Appendix C). This resulted in 1851 Stat3 bound genes,

representing about 8% of all annotated genes. A high proportion of LIF-responsive genes

in Stat3+/+ cells was bound by Stat3 (25.5%, Pearson’s χ2 test P -value ≤ 1.0e − 10,

see Methods, Figure 4.7a). For genes down-regulated after LIF stimulation, only 5.6%

were bound by Stat3, which could be expected by chance (P -value = 0.08, Figure 4.7a).

These results are consistent with the common notion of Stat3 as a transcriptional acti-

vator (Boeuf et al., 1997; Darnell, 1997). Only 2.3% of the LIF-induced genes in Stat3-/-

cells were bound by Stat3 (P -value = 0.26).

After filtering out genes induced in Stat3-/- cells and selecting genes with Stat3 bind-

ing sites, LIF-responsive genes in Stat3+/+ cells were further narrowed down by selecting

genes involved in the regulation of transcription, such as transcription factors or chro-

matin modifiers, using GO term annotation (Figure 4.7b, filtering for genes associated

with the following GO terms: GO:0005667, transcription factor complex; GO:0003700,

sequence-specific DNA binding transcription factor activity; GO:0008134, transcription

factor binding; or GO:0006355, regulation of transcription, DNA-dependent). This strat-

egy resulted in a list of nine genes: Bcl3, Erf, Gbx2, Irf1, Klf4, Stat3, Tfap2c, Tfeb and

Tfcp2l1 (Figure 4.7c). Except for Irf1 all of these genes were downregulated upon Stat3

knock-down indicating that their expression is dependent on Stat3 (Nishiyama et al.,

2013).
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Figure 4.7: Ranking Stat3 targets. (a) Differentially expressed genes bound by Stat3. (b) Strategy
to rank Stat3 target genes to find targets involved in ES cell self-renewal. (c) This strategy leads to
the selection of 9 candidate target genes (green area in Venn diagram). (d) Log-transformed FPKM
values for the selected candidate genes. FPKM values were incremented by 1 prior to log transforma-
tion to avoid infinite values. (e) Relative expression of candidate genes after Stat3 knock-down (data
from Nishiyama et al., 2013).
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Among the candidate genes are Stat3 itself and its known downstream targets Gbx2

and Klf4 (Bourillot et al., 2009). Interestingly, however, the most highly expressed tran-

scription factor in this group, Tfcp2l1 (also known as Crtr-1) has not previously been

linked to LIF signalling (Figure 4.7d). Tfcp2l1 induction was unaffected when cells

were stimulated with LIF in the presence of the protein synthesis inhibitor cyclohex-

imide (Martello et al., 2013). This confirmed Tfcp2l1 as a direct response to LIF stimu-

lation rather than a secondary effect requiring protein synthesis.

Forced expression of Gbx2 allows long-term expansion of mouse ES cells in the ab-

sence of LIF and can also reprogram EpiSCs into mouse ES cells (Tai and Ying, 2013;

Martello et al., 2013). Similarly, Klf4 can maintain mouse ES cells in a pluripotent

state in the absence of LIF (Martello et al., 2012). However, for both factors a high

level of spontaneous differentiation in the absence of LIF can be observed indicating

that they are not able to fully substitute for LIF signalling. Also their knock-down

does not affect LIF signalling, showing that they are dispensable for LIF signalling. In

contrast to these results, Tfcp2l1 can maintain ES cells in the absence of LIF with a sim-

ilar level of spontaneous differentiation as observed in serum/LIF conditions (Martello

et al., 2013). Expression of Tfcp2l1 at endogenous levels can maintain mouse ES cells

in combination with PD03. These cells can give rise to chimeric animals after trans-

gene excision (Martello et al., 2013). These results indicate that Tfcp2l1 can phenocopy

Stat3 signalling. Furthermore, Tfcp2l1 knock-down significantly reduced the number of

undifferentiated colonies in clonogenicity assay and caused the down-regulation of the

pluripotency factors Nanog, Oct4, Sox2, Esrrb and Tbx3 (Martello et al., 2013). These

results suggest that Tfcp2l1 is not only able to substitute for LIF, but is required for

LIF signalling.

Of the 174 novel transcripts identified in Section 4.2.2.2, 71 had a Stat3 binding

site within 50 kb. Six novel transcripts were even overlapping with Stat3 binding sites.

These results indicate that several of the novel transcripts identified in this analysis are

indeed direct targets of Stat3.

4.2.3.2 Secondary Stat3 targets

Over the time course studied in this project, the expression of 327 genes was significantly

increased upon LIF exposure. Of these LIF-induced genes 77 were bound by Stat3,
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Figure 4.8: LIF-induced genes bound by Stat3, Klf4 or Tfcp2l1. (a) Shared target genes of Stat3,
Tfcp2l1 and Klf4 based on inhouse Stat3 and Tfcp2l1 binding data and publicly available Klf4 binding
data (Chen et al., 2008). (b) Shared target genes of Stat3, Tfcp2l1 and Klf4 based on inhouse Stat3
and publicly available Tfcp2l1 and Klf4 binding data (Chen et al., 2008).

suggesting that they are primary targets of Stat3, while the unbound genes are potential

secondary targets. To determine whether the expression of the LIF-induced genes that

are not bound by Stat3 might be activated by primary targets of Stat3, ChIP-seq for the

transcriptional factors Klf4 and Tfcp2l1 was performed. These two transcription factors

were confirmed Stat3 targets and had the most prominent effect on ES cell self-renewal.

The Klf4 ChIP-seq data set showed little enrichment and was therefore replaced by the

Klf4 data set from Chen et al. (Chen et al., 2008) for further analysis. The binding sites

of Tfcp2l1 and Klf4 were annotated with known genes (for detailed lists of Klf4 and

Tfcp2l1 bound genes see Appendix C).

Most LIF-responsive genes bound by Stat3 were also bound by Tfcp2l1 and Klf4.

Furthermore, a large number of LIF-induced genes that were not bound by Stat3 were

bound by Tfcp2l1 and Klf4, often by both. Including the Tfcp2l1 data set from Chen et

al. (Chen et al., 2008) furthermore increased the number of genes bound by both Tfcp2l1

and Klf4, but not Stat3. This suggests that a large proportion of genes whose expression

is upregulated following LIF exposure and that are not bound by Stat3 are secondary

targets and regulated by Tfcp2l1 and Klf4 downstream of Stat3. These secondary targets

include the genes Vegfa and Nkx6-2, which are both involved in cell differentiation, were
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activated by LIF and bound by Klf4 and Tfcp2l1, but not Stat3, as was Dtx1, a negative

regulator of neural differentiation. Furthermore, Leprot a known negative regulator of

the Jak/Stat3 pathway was activated upon LIF exposure. The Wnt-targets Sfrp1 and

Aes were also identified as secondary targets, indicating that LIF-signalling is feeding

back into the canonical Wnt-pathway. Finally, Smarcd3, which is part of the chromatin-

remodelling complex SNF/SWI, was found to be regulated by Klf4 and Tfcp2l1.

This is further supported by the observation that 107 of the 117 LIF-induced genes

bound by Klf4, but not Stat3, are downregulated more than 2-fold following Klf4 knock-

down (Nishiyama et al., 2013). Similarly, 111 of the 120 LIF-responsive genes bound by

Tfcp2l1, but not Stat3, are downregulated more than 2-fold following Tfcp2l1 knock-

down (Nishiyama et al., 2013).

4.2.3.3 Correlating Stat3 binding and expression changes

To gain insights into the mechanism of Stat3 dependent gene regulation, the influence of

certain binding characteristics on gene expression was analysed, such as peak location,

peak size and distance to associated genes.

Peaks were annotated with known genes (see Methods). Peaks were furthermore

classified according to their relative location to their potential target genes: overlapping

introns, coding exons, UTRs, promoters or downstream regions (3 kb upstream of the

transcriptional start site and 3 kb downstream of the transcriptional termination site),

or intergenic (Figure 4.9a). Stat3 binding was enriched at promoter regions accounting

for around 20% of all binding sites despite promoter regions only representing 3% of the

genomic sequence. Comparing binding sites with RNA-seq data of mouse ES cells in

2i/LIF showed that genes bound by Stat3 were generally expressed at higher levels than

genes not bound (P -value < 1.0e− 10, Figure 4.9b). Furthermore, genes bound in their

promoter region were higher expressed than genes bound outside their promoter region

(P -value 1.197e−06). For genes transcriptionally upregulated upon LIF exposure Stat3

binding sites were enriched even more at promoter regions (Figure 4.9c and d). Genes

whose expression was only induced after 24 hours of LIF exposure were not enriched in

Stat3 binding (Figure 4.9d). This supports the idea that direct Stat3 targets respond

within one hour and that genes responding later are mostly secondary targets. The

expression of Stat3 bound genes was induced significantly more often than of unbound
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Figure 4.9: Location of Stat3 peaks and expression levels of associated genes. (a) Pie chart illustrating
the location of Stat3 binding sites relative to their associated gene. (b) Log-transformed FPKM values
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genes (Figure 4.9e). LIF-induced genes were associated with significantly higher peaks

than not induced genes (P -value 0.03888). However, the average distance to transcrip-

tion start sites was not significantly different between induced and non-induced genes

(P -value 0.1473).

4.2.3.4 Stat3 and the pluripotency network

As the previous results indicate, the expression of only around 3% of Stat3 bound genes

was significantly upregulated upon LIF exposure. As Stat3 is known to collaborate with

other factors to promote expression of its target genes in other cell types (Kwon et al.,

2009), the binding profile of Stat3 was compared to binding data of other pluripotency

factors and transcriptional regulators in ES cells (Martello et al., 2012). Clustering these

factors according to shared binding sites showed that Stat3 was part of the cluster con-

taining pluripotency factors Oct4, Sox2, Nanog, Klf4, Esrrb and Tfcp2l1 (Figure 4.10).

Additionally, markers for active enhancer such as p300, Med12 and Med1 clustered

together with Stat3 (Figure 4.10).

Around 50% of Stat3 binding positions were also bound by other pluripotency factors,

such as Oct4, Sox2, Nanog, Esrrb, Klf4, Prdm14, Tcf3 and Tfcp2l1 (Figure 4.11a). For

Stat3 peaks associated with LIF-induced genes, this fraction increased to almost 70%

(Figure 4.11b). Considering associated genes rather than exact binding positions, only

5% of genes bound by Stat3 were bound by Stat3 only (Figure 4.11c). Of the 48 LIF-

induced genes bound by Stat3, none were bound by Stat3 alone and 29 were bound by

7 or all 8 of the aforementioned pluripotency factors (Figure 4.11d). For example, the

LIF-induced genes Klf4, Klf5 and Tfcp2l1 were bound by all eight factors (Figures C.4-

C.6).

To get a better understanding of the cooperation between Stat3 and other factors,

a distance matrix was calculated indicating for each Stat3 how far the next peak of a

given factor was. The distance matrix was then used to cluster Stat3 peaks (Figure C.3).

LIF-responsive genes were enriched in Stat3 peaks that were in close proximity to other

pluripotency factors (Figure 4.11e).

Closer inspection of the distance between the Stat3 peaks and the peaks of the other

factors showed that for upregulated genes the median distance between Stat3 and the

pluripotency factors was significantly shorter (Figure 4.12). While the overall median
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Figure 4.11: Cooperative binding of Stat3 and other pluripotency factors. (a) For each Stat3 binding
sites the number of co-bound factors was determined (Oct4, Sox2, Nanog, Esrrb, Klf4, Prdm14, Tcf3
and Tfcp2l1). Shown are the fractions of Stat3 binding sites co-bound by a certain number of other
factors. (b) as in (a) but only for Stat3 peaks that were associated with genes activated after LIF
exposure. (c) As (a) but based on Stat3 target genes rather than binding sites. (d) as (c) but only for
LIF-induced Stat3 target genes. (e) For each Stat3 peak the distance to the closest binding site of a
certain other factor was determined. The distance matrix was used as input for hierarchical clustering.
Red colours indicate close proximity while blue colours indicate larger distances. The column on the
left indicates the fold change of the associated gene.
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Figure 4.12: Distance to Stat3 binding sites. Displayed is the distance between Stat3 peaks and
peaks of other transcriptional regulators for genes induced by LIF compared to genes unresponsive to
LIF. Distance was log2 transformed after adding 1 to avoid infinite values. Proximity increases for
upregulated genes associated with Stat3 binding. Two-sided t-tests were used to determine whether
the increase in proximity was significant: * P -value ≤ 0.05, ** P -value ≤ 0.005, *** P -value ≤ 0.0005

distance between Stat3 peaks and the closest peak of the other factors was typically more

than 15 kb, the distance to Stat3 peaks associated with upregulated genes was less than

1 kb. Notably, in the case of Klf4 50% of the Klf4 peaks associated with Stat3 bound

upregulated genes, overlapped directly with the Stat3 peaks. Also p300, a marker for

active enhancers, was present at the majority of Stat3 binding sites that were associated

with genes whose expression was positively regulated by Stat3 activation.

These results suggests that Stat3 is part of the core pluripotency network and controls

gene expression of its targets in close collaboration of other pluripotency factors, such

as Klf4 and Esrrb. The close proximity of these factors and Stat3 at LIF-induced genes

further suggest that Stat3 might physically interact with core pluripotency factors and

regulators as p300 to induce expression of its target genes.
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4.2.4 Comparing LIF signalling in 2i versus serum

The most comprehensive study on Stat3 in mouse ES cells to date has been performed in

serum-containing media supplemented with LIF (Bourillot et al., 2009). A major draw-

back of this studies is the fact that ES cells cannot be maintained in serum without LIF.

In order to study LIF signalling LIF was withdrawn and then re-added after 24 hours.

In response to LIF withdrawal the majority of cells will have started differentiating and

generating a heterogeneous cell population.

Culturing ES cells in 2i enables the study of Stat3 signalling in a homogeneous

environment, where the cells remain pluripotent at any time (Ying et al., 2008; Wray

et al., 2010). This is the first comprehensive data set examining LIF signalling and Stat3

binding in ground state pluripotency conditions. Despite these experimental differences,

gene expression levels measured by microarray and RNA-seq correlated with a Pearson’s

r = 0.74 (Figure 4.13a).

Re-analysing the microarray data resulted in the identification of 176 genes (FDR

5%), out of which 69 were upregulated following LIF exposure. Despite the different

experimental setups, both experiments identified the most important Stat3 targets which

have been linked to stem cell self-renewal (Figure 4.13b): Gbx2, Icam1, Klf4, Pim1,

Socs3, Spry2, Stat3 and Zfp36l1 (Tai and Ying, 2013; Yang et al., 2005; Kim et al.,

2006; Hall et al., 2009; Aksoy et al., 2007; Cinelli et al., 2008; Wegmüller et al., 2007).

A set of 61 genes were found to be induced in serum only, of which 3 genes (Klf5,

Junb and Zfp36) were found upregulated in 2i after 24 hours of LIF exposure. The

later induction in our setup might be due to the different LIF concentrations used in the

two studies. While Bourillot et al. reactivated endogenous Stat3 using 10.000 U/ml of

LIF (Bourillot et al., 2009), for the RNA-seq experiment Stat3 was activated using 100

U/ml of LIF. A total of 20 genes out of the 58 genes not found in the RNA-seq data are

involved in the regulation of transcription. Furthermore the set of genes was enriched

for genes involved in the MAPK pathway (KEGG pathway analysis with DAVID, P -

value 0.022): Fos, Jun, Dusp1, Dusp6, Gadd45a and Map2k5. Activation of the MAPK

pathway is known to drive differentiation and is blocked in 2i (Ying et al., 2008; Wray

et al., 2010). Higher expression of components of the MAPK pathway in serum is thus

consistent with the observation of spontaneous differentiation in ES cells cultured in

serum (Wray et al., 2010).
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Figure 4.13: Comparing Stat3 targets in 2i and serum. (a) Scatterplot showing the correlation of
gene expression from Bourillot et al., 2009 and the RNA-seq data. Pearson’s r is shown in the upper
left corner. (b) Showing the overlap of Stat3-regulated genes in Bourillot et al., 2009 and the RNA-seq
data. (c) Showing the overlap of binding sites detected by Chen et al., 2008 and the ChIP-seq data.
(d) Overlap of associated genes.
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In order to test whether genes found upregulated in the microarray study were true

Stat3 targets or due to prior LIF withdrawal, the set of LIF-induced genes in serum or 2i

were compared with the genes downregulated upon Stat3 knock-down (Nishiyama et al.,

2013). Knock-down of Stat3 leads to the downregulation of 509 genes and upregulation

of 1206 genes with an absolute fold change ≥ 1.5 (Nishiyama et al., 2013). Only two

of the 61 (2%) genes identified in the microarray data, were downregulated upon Stat3

knock-down. In contrast, 39 of the 180 (22%) genes induced only in 2i overlapped

with downregulated genes. Notably, five genes that were upregulated both in serum

and in 2i were downregulated upon Stat3 knock-down. These results indicate that our

experimental setup was more suitable to identify Stat3-regulated genes.

Stat3 regulatory activity was compared between 2i/LIF and serum/LIF culture con-

dition, comparing Stat3 binding sites of ES cells cultured in 2i/LIF versus serum/LIF.

For this purpose, Stat3 ChIP-seq data from Chen et al. was re-analysed, identifying 5730

peaks associated with 3756 genes (Chen et al., 2008). The greater number of peaks may

indicate a higher Stat3 activity in serum/LIF conditions. A total of 530 peaks and 893

associated genes were shared between the two data sets (Figure 4.13c and d). While

31 of the 61 genes whose expression was induced only in serum were bound by Stat3 in

serum (of which 18 are only bound in serum), 41 of the 180 genes whose expression was

induced in 2i only were bound by Stat3 in 2i (of which 9 are only bound in 2i).

Marks et al. identified genes that were differentially expressed between mouse ES cell

cultured in 2i/LIF or serum/LIF (Marks et al., 2012). However, they did not make use

of the presence of biological replicates, but rather used average expression levels across

replicates and a simple Student’s t-test to identify differentially expressed genes without

adjusting for multiple testing. This data set was re-analysed to gain further insights into

the transcriptional differences of ES cells in 2i/LIF and ES cells in serum/LIF. Differ-

ential expression analysis lead to the identification of 230 genes with higher expression

in 2i/LIF and 197 genes with higher expression in serum. A significant fraction of the

genes more highly expressed in serum were Stat3 bound only in serum (45 genes, P -value

3.054e − 05). In contrast, the fraction of genes more highly expressed in 2i/LIF that

were Stat3 bound only in 2i/LIF was not significant (6 genes, P -value 0.9461). These

results indicate that the larger number of Stat3 binding sites in serum/LIF are indeed

associated with the activation of more genes under these culture conditions.
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The gene, whose expression was most robustly induced in serum/LIF, was Dnmt3l

(20-fold upregulated). The DNA methylase is responsible for the establishment of DNA

methylation and maternal imprinting (Hata et al., 2002; Deplus et al., 2002; Jia et al.,

2007). This is consistent with the finding that 2i induces global DNA hypomethyla-

tion (Leitch et al., 2013; Yamaji et al., 2013; Ficz et al., 2013). Furthermore, several

genes of the MAPK pathway were expressed at a higher level in serum (Igf2, Spry4,

Kitl, Dusp6) as were genes involved in cell differentiation (Igf2, Dusp6, Efnb2, Otx2,

Cyr61, Zfp423, Peg10). Also more highly expressed in serum were the Id proteins Id1

and Id3. This is in line with the observation that BMP can substitute for serum by

induction of Id proteins in collaboration with Stat3 (Ying et al., 2003).

These results suggest that the differences observed between ES cell cultured in 2i/LIF

and ES cells kept in serum/LIF are partly due to differences in LIF/Stat3 signalling

between the two conditions. Stat3 is more active in media supplemented with LIF and

serum and promotes the expression of more target genes, including genes involved in

differentiation.

4.3 Conclusion

The aim of this project was to gain a better understanding of Stat3 signalling in mouse

ES cells. The 2i culture condition was used to maintain undifferentiated ES cells and

RNA-seq at several time points was used to follow changes in expression following LIF

exposure. Stat3 independent LIF targets could be identified by performing RNA-seq of

the same time points for Stat3-/- cells.

The RNA-seq data was used to identify novel transcripts regulated by Stat3, includ-

ing antisense transcripts. A number of antisense transcripts showed changes in their

expression level following LIF induction. However, none of these resulted in changes

of the corresponding annotated gene. Furthermore, several intergenic transcripts that

were upregulated by LIF were identified. A total of five out of six tested transcripts were

confirmed using qPCR. Fold changes observed in the RNA-seq analysis were higher than

fold changes measured by qPCR, most likely due to the wider range of expression lev-

els detectable with RNA-seq. A large proportion of the LIF-induced novel transcripts

showed Stat3 binding sites, suggesting that the expression of these transcripts is Stat3
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dependent. Further investigation is needed to analyse whether these transcripts are

functional and whether they play a role in ES cell self-renewal.

Differential expression analysis of known genes identified several known Stat3 targets.

Most highly induced was the expression of Socs3 which is a known negative regulator

of LIF signalling (Boyle et al., 2009). Stat3 binding data was used to prioritise the set

of LIF-induced genes to further enrich for direct Stat3 targets, leading to a small set

of candidate targets. This gene set contained several genes with known roles in ES cell

self-renewal, such as Klf4, Gbx2 and Pim1 (Hall et al., 2009; Tai and Ying, 2013; Aksoy

et al., 2007). However, the most highly expressed gene upregulated upon LIF exposure,

Tfcp2l1, had not been linked to Stat3 signalling before. While the known Stat3 targets

are not sufficient to replace LIF and are dispensable for LIF signalling, expression of

a Tfcp2l1 transgene at an endogenous level can substitute for LIF signalling. Tfcp2l1

is further required for LIF dependent LIF signalling, as knock-down of Tfcp2l1 reduces

the number of undifferentiated colonies even the presence of LIF (Martello et al., 2013).

Furthermore, Tfcp2l1 can reprogram EpiSCs to ES cells (Martello et al., 2013; Ye et al.,

2013) and has been identified as a downstream target of the 2i culture condition as well,

emphasizing the important role of Tfcp2l1 in the regulatory circuitry that governs ES

cell self-renewal (Ye et al., 2013).

Genes upregulated by LIF without evidence of Stat3 binding were compared to genes

with Tfcp2l1 and Klf4 binding sites to determine whether these genes might be secondary

Stat3 targets regulated by these two factors. More than 50% of LIF-induced genes

without Stat3 binding sites were bound by Tfcp2l1 or Klf4, and most often co-bound by

both factors. These results indicate that Klf4 and Tfcp2l1 are the two main downstream

targets of Stat3 and regulate the expression of most of its secondary targets.

The expression of only a small percentage of Stat3 bound genes was activated fol-

lowing LIF exposure. Since Stat3 has been shown to act in collaboration with other

factors to regulate the expression of its target genes in other cell types (Kwon et al.,

2009; Langlais et al., 2012; Kidder et al., 2008), Stat3 binding sites were compared to

binding sites of other pluripotency factors and transcriptional regulators (Martello et

al., 2012). LIF-responsive genes were typically bound by Stat3 and several other of the

aforementioned factors. Furthermore, the proximity between the binding sites of Stat3

to other pluripotency factors was significantly increased for the set of LIF-induced genes,
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indicating that Stat3 regulates gene expression in cooperation with other pluripotency

factors, such as Klf4 and Esrrb.

As this is the first comprehensive data set of LIF signalling in ground state pluripo-

tency, the results of the transcriptome analysis as well as the Stat3 binding sites were

compared to data sets previously derived in serum/LIF conditions (Bourillot et al., 2009;

Chen et al., 2008). Despite the very different exprimental setups, both differential ex-

pression analyses identified the most prominent Stat3 targets Socs3, Klf4, Gbx2 and

Pim1. Notably, Tfcp2l1 was not identified in the microarray data set. The majority

of genes identified only in the microarray data set were not responsive to Stat3 knock-

down, indicating that their induction was not due to Stat3 activation, but rather to cells

differentiating during the 24 hours of LIF withdrawal.

Stat3 showed more binding sites in serum/LIF. Another RNA-seq data set compar-

ing gene expression between serum/LIF and 2i/LIF culture conditions was used to test

whether the changes in Stat3 binding were reflected in the expression of the correspond-

ing genes (Marks et al., 2012). A significant fraction of genes more highly expressed

in serum/LIF showed Stat3 binding in serum/LIF conditions only, including a number

of genes involved in differentiation. Therefore, changes between the two conditions are

partly due to differences in LIF/Stat3 signalling. Stat3 is more active in serum/LIF

condition and regulates the expression of more target genes, including genes involved

in differentiation which can explain the spontaneous differentiation which is commonly

observed for ES cells cultured in serum/LIF (Wray et al., 2010).

The mechanism leading to higher Stat3 activity in serum/LIF conditions remains

unclear. Stat3 was not differentially expressed between ES cells in 2i/LIF and ES cells in

serum/LIF, indicating that the changes must be due to differences in activation through

phosphorylation, changes in protein degradation rate or different localisation of the Stat3

protein within the cell.
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4.4 Methods

4.4.1 Experimental methods

4.4.1.1 Embryonic Stem Cell Culture

Embryonic stem cells were cultured without feeders on plastic coated with 0.1% gelatine

(Sigma, cat. G1890) and replated every three days at a split ratio of 1 in 10 following

dissociation with Accutase (PAA, cat. L11-007). Cells were cultured in the serum-free

media N2B27 (NDiff N2B27 base medium, Stem Cell Sciences Ltd, cat. SCS-SF-NB-02)

supplemented with the small-molecule inhibitors PD03 (1µM, PD0325901) and Chiron

(3µM CHIR99021) and LIF prepared in-house. Colony forming assays were carried out

by plating 60 ES cells/cm2 on plates coated with laminin (Sigma, cat. L2020). Plates

were fixed and stained for alkaline phosphatase (Sigma, cat. 86R-1KT) according to the

manufacturer’s protocol. Plates were scanned using a CellCelector (Aviso) and scored

manually.

4.4.1.2 RNA-seq Library Construction

RNA was extracted using the TRIzol method (Invitrogen) followed by treatment with

TURBO DNase (Ambion). Ribosomal RNA was depleted using RiboMinus (Invitrogen),

and the remaining RNA was sheared by ultrasonication on a Covaris S2 for 90s with the

following parameter settings: Duty cycle = 10, Cycles per Burst = 200, Intensity = 5.

Fragmented RNA was reverse-transcribed with SuperScript III (Invitrogen) at 50◦C for

2h and random hexamer primers in the presence of 6µg/ml actinomycin D to inhibit the

generation of second-strand products. Second-strand cDNA was synthesized by DNA

Polymerase I for 2h at 16◦C in the presence of RNase H and dUTPs instead of dTTPs.

End repair of double-strand cDNAs was carried out with T4 DNA polymerase and T4

polynucleotide kinase (New England Biolabs). Blunt-end, 3′-phosphorylated products

were 3′-adenylated by exo- Klenow fragment in the presence of dATPs and ligated to

sequencing adapters (Illumina) by T4 DNA ligase (New Englad Biolabs) at 20◦C for

30 minutes. Following adapter ligation, the second strand of the library constructs was

digested with uracil DNA glycosylase (UDG) and apurinic/apyrimidinic endonuclease

1 (APE 1) for 30 min at 37◦C. PCR amplification of first-strand library constructs

was carried out with Phusion DNA polymerase (Finnzymes) for 15 cycles. Purification
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of reaction products between each step was performed with Ampure XP paramagnetic

beads (Beckman Coulter). The molarity and size of the libraries was assessed by DNA

1000 microfluidic chips on the Agilent 2100 Bioanalyzer. Sequencing was performed on

the Illumina GAIIx yielding 35− 40M 105bp reads per sample.

4.4.1.3 ChIP-seq Library Construction

ES cells were fixed by formaldehyde crosslinking for 10 min and lysed. DNA-protein

complexes were sonicated on a Diagenode Bioruptor to produce fragments in the range

of 200-400 bp. Bound DNA was immunoprecipitated using Santa Cruz Biotech SC-

7179 (total Stat3), Cell Signalling Technologies 9131 (phosphorylated Stat3), Abcam

ab123354 (Tfcp2l1) and R&D Systems AF3158 (Klf4) and crosslinks were reversed by

heating at 65◦C for 1h. End repair of purified DNA fragments was carried out with T4

DNA polymerase and T4 polynucleotide kinase (New England Biolabs). Blunt-end, 3′-

phosphorylated products were 3′-adenylated by exo- Klenow fragment in the presence of

dATPs and ligated to sequencing adapters (Illumina) by T4 DNA ligase (New England

Biolabs) at 20◦C for 30 minutes. PCR amplification was performed with Phusion DNA

polymerase (Finnzymes) for 15 cycles. Purification of reaction products between each

step was performed with Ampure XP paramagnetic beads (Beckman Coulter). The

molarity and size distribution of the libraries was assessed by DNA 1000 microfluidic

chips on the Agilent 2100 Bioanalyzer. Sequencing was performed on the Illumina HiSeq

2000 yielding 36-43M 50bp reads per sample.

4.4.2 Computational methods

4.4.2.1 Mapping of the RNA-seq Data

Before mapping, reads were filtered for ribosomal content. Bowtie (Langmead et al.,

2009) was used to align the reads against an rRNA reference consisting of annotated

rRNA sequences from Ensembl and RefSeq. Between 9 and 16% of the reads were identi-

fied as of ribosomal origin. Remaining reads were aligned to the mouse reference genome

(build mm10) using GSNAP (version of 2012-05-24,Wu and Nacu, 2010). GSNAP was

provided with known splice sites based on the Ensembl annotation (version 68, Flicek

et al., 2011), but enabled to identify novel splice sites (N = 1). Maximum 10 mismatches
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Figure 4.14: Number of aligned reads. Showing the number of reads that were mapped uniquely,
ambiguously or unmapped for the full data set (left) and after filtering secondary alignments (right).

were allowed as well as maximum 10 alignments per read. As discussed in Chapter 2,

GNSAP is able to place ambiguously mapped reads by analysing informative reads from

the surrounding region. Ambiguously mapped reads marked as secondary alignments

using the 0x100 flag were excluded from further analysis. This notably reduced the

amount of ambiguously mapped reads (<< 1%, Figure 4.14).

4.4.2.2 Genome annotation

Gene counts for annotated genes were calculated using the htseq-count utility (version

0.5.3p3, http://www.huber.embl.de/users/anders/HTSeq/doc/count.html) and the

ensembl genome annotation for mouse version 69. The following parameters were used:

mode = intersection nonempty; s = reverse; type = exon; idattr = gene id.

4.4.2.3 Detection of unannotated transcripts

Regions with RNA-seq support, but not present in the Ensembl annotation (mouse

version 69), were detected using a sliding-window approach. As the data was strand-
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specific novel region detection was performed for each strand independently. A region

had to have a minimum length of 80 bp and support of at least 10 reads and an average

coverage of 2. If two regions were less than 50 bp apart, they were merged together.

Novel transcribed regions fulfilling these requirements were classified according to their

position relative to the next annotated gene: antisense, novel regions overlapping exons

of known genes in antisense orientation; intronic sense, novel regions within introns of

annotated genes; intronic antisense novel regions within introns of annotated genes

on the other strand; intergenic novel regions that are more than 50 kb away from any

annotated gene; five prime region novel region that is five prime of its closest annotated

gene. three prime region novel region that is three prime of its closest annotated gene;

repeat Novel region that is marked as repeat region by the RepeatMasker of the UCSC

genome browser (Kuhn et al., 2013; Fujita et al., 2011).

Intergenic regions were assembled into potential spliced isoforms based on their ex-

pression level correlation. This was performed independently for each chromosome. For

this purpose a correlation matrix with a column and row for each region was initialised

with zeros. For regions on the same strand and within 50 kb of each other the correspond-

ing matrix entry was replaced by their spearman correlation. Regions with spearman

correlation ≥ 0.8 were assembled together.

4.4.2.4 Calculation of differentially expressed genes

Gene counts were used as input for differential gene expression analysis with DESeq

(version 1.10.1, Anders and Huber, 2010). Genes with a P -value of < 0.05 after

Benjamini-Hochberg correction to account for multiple hypothesis testing were selected

for further analysis (Benjamini and Hochberg, 1995). GO term analysis for differentially

expressed genes was performed using the online functional annotation tool DAVID (ver-

sion 6.7, Huang et al., 2009). GO terms were sorted according to their P -value after

Benjamini-Hochberg correction (Benjamini and Hochberg, 1995).

4.4.2.5 Analysis of published microarray data

The data from Bourillot et al. (E-TABM-562) was re-analysed using the ArrayExpress

Bioconductor package (Bourillot et al., 2009; Kauffmann et al., 2009). The arrays were

normalised using robust multi-array average (RMA) normalisation (Irizarry et al., 2003).
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Differentially expressed genes were identified between mouse ES cells deprived of LIF for

24 hours and after 1 hour LIF exposure (Smyth, 2004). Probe identifiers were mapped

to Ensembl gene identifiers using the Bioconductor package biomaRt (Durinck et al.,

2005).

4.4.2.6 Mapping of the ChIP-seq Data

We performed ChIP sequencing for total Stat3 and phosphorylated Stat3, as well as for

Klf4 and Tfcp2l1. We also obtained ChIP-seq data for Stat3 in ES cells cultured in LIF

and serum and a GFP control from Chen et al. (Chen et al., 2008). Reads were mapped

to the mouse genome (build mm10) using bowtie (version 0.12.8, Langmead et al., 2009)

discarding reads with more than one possible alignment.

4.4.2.7 Peak calling

Peak detection was performed using MACS (version 1.4.1, Zhang et al., 2008) with the

following parameters: tsize = 36; mfold = 10,30; gsize = 2644093988. Resulting peaks

were processed with PeakSplitter (Salmon-Divon et al., 2010) to resolve situations where

several peaks have been merged into one peak region.

4.4.2.8 Integrating mouse ES cell ChIP-seq compendium

Martello et al. collected ChIP-seq data sets that are available on mouse ES cells and

provide processed data files (coverage and peak files, see Martello et al., 2012). Peak

files were obtained from the compendium website (http://lila.results.cscr.cam.

ac.uk/ES_Cell_ChIP-seq_compendium_UPDATED.html). Peak summits were detected

using PeakAnalyzer (Salmon-Divon et al., 2010). As the peak files are for mouse genome

build mm9, the UCSC utility liftOver was used to convert the peak summits to mouse

genome build mm10 (Kuhn et al., 2013).

4.4.2.9 Peak annotation

Peaks were annotated with genes using a slight variation of the method implemented

in Martello et al. (Martello et al., 2012). Each peak was mapped to up to two genes

as follows: the two closest genes, one for each strand, were identified by examining
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50 kb up- and downstream of the peak. If a gene is overlapping a peak, the peak

is associated with this gene only unless there is another overlapping gene on the other

strand. Annotated peaks were further classified according to their relative position to the

annotated gene. The promoter region was defined as 3 kb upstream of the transcription

start site. Similarly, the downstream region was defined as the 3 kb downstream of the

transcription termination site. Other possible classifications are bound within the UTR,

coding exon, intron or intergenic region (that is within 50 kb of the transcription start

site, but not within the promoter region).

4.4.2.10 Statistical testing

The significance of overlapping gene or peak sets have been calculated using a Pearson’s

Chi-squared test. Significant differences in continuous features, such as distances or

expression levels have been detected using two-sided t-tests after log-transformation.
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Discussion

RNA sequencing provides a genome-wide readout of actively transcribed genes in a cell.

The analysis of this kind of data requires sophisticated methods tuned to the specific

needs and biases of RNA-seq data. In the first part of my thesis I have assessed the

performance of a comprehensive set of RNA-seq aligners and transcript reconstruction

methods. In the second part of my thesis, I used RNA-seq data in combination with

ChIP-seq data to study LIF-dependent Stat3 signalling in mouse ES cells.

5.1 Methods for the analysis of RNA-seq data

The analysis of RNA-seq data requires splice-aware aligners and methods to infer tran-

script isoforms from short reads. Two of the main challenges of RNA-seq alignment

are placing spliced reads and resolving ambiguously mapped reads. Over the last few

years, several spliced aligners have been developed, such as TopHat, GSNAP and Map-

Splice (Trapnell et al., 2009; Kim et al., 2013; Wu and Nacu, 2010; Wang et al., 2010a).

Some developers have compared their aligner to a small subset of other methods (Dobin

et al., 2013; Grant et al., 2011). However, these studies were inherently susceptible to

bias in the selection of tools and data sets and limited in scope. For example, aspects

like the influence of annotation and of base call qualities were not considered for these

comparisons.

The RNA-seq aligner analysis presented in this thesis is the first comprehensive study

of spliced aligners to date where the analysing team was not involved in the development

of any of the methods under investigation. The quality of the simulated data exceeds
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the quality of previously used simulated data sets as the simulation process included

simulating base call qualities. This enabled the analysis of how methods incorporate this

kind of information and how it influences the placement of mismatches. Furthermore,

this study is the first one to analyse the influence of guided alignment which make use of

genome annotations for the alignment of spliced reads. Our study has demonstrated that

the use of a dedicated spliced aligner is crucial for the interpretation of RNA-seq data.

It also revealed that some methods make more extensive use of the base call qualities

and allow for more mismatches when aligning reads of poor quality, allowing them to

align more reads. Annotation guided alignment of spliced reads improved sensitivity,

but increased the false discovery rate at the same time.

Also the transcriptome assembly study presented in this thesis is the first compre-

hensive study of this kind. As for RNA-seq aligners, some developers have compared

their software against a small set of other methods (Mezlini et al., 2013; Li et al., 2011),

but no comparison of a more inclusive set of transcriptome reconstruction methods has

been performed yet. The results of this benchmark make clear that the problem of

transcriptome reconstruction based on RNA-seq data is far from being solved. While

most methods accurately detect expressed exons, the identification of their connectivity

proves problematic for all methods. Being able to sequence whole transcripts would

solve that problem and allow the direct identification of transcript isoforms. While cur-

rent sequencing machines are not able to sequence whole transcripts, the development

of third-generation sequencing technologies might enable this in the near future (Morey

et al., 2013).

Also for current sequencing technologies read length is continuously increasing, for

example the Illumina platform can now generate 150nt reads. However, these advances

only marginally improve transcript reconstruction, which benefits from reads spanning

multiple introns. Since the average human exon length is about 200nt, even with 150nt

long reads, the chances of spanning several introns is very small. Read length would have

to increase much more in order to substantially improve transcript assembly. There are,

however, limits to read length in RNA-seq data. As described in the introduction the

library preparation protocol includes a fragmentation and subsequent size selection step.

Typically, transcripts are fragmented into sequences of roughly 250nt length. Sequencing

longer reads will cause overlapping mate pairs in the case of paired-end sequencing which

defeats the benefits of paired-end sequencing. Increasing fragment size could solve that
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problem but will also involve new challenges. Transcripts shorter than a given fragment

size will get lost if a size selection step is performed. If short transcripts are included the

insert size distribution will become broader. Many methods make assumptions about

the insert size distribution and use these to assemble transcript isoforms and thus show

decreased performance for RNA-seq datasets based on longer fragment lengths.

A better way to improve transcriptome reconstructions may be the incorporation of

other data sources. Providing additional information about transcript start sites, for

example from CAGE sequencing (Hoon and Hayashizaki, 2008), and transcript termi-

nation sites, for example using poly(A) site mapping protocols (Wilkening et al., 2013),

may increase the ability of methods to link exons into valid transcript isoforms.

5.1.1 Future work

Since RNA-seq is an emerging technology, new methods for the analysis of this kind of

data are still being developed. During the write-up of this thesis several new transcript

reconstruction methods (Song and Florea, 2013; Hiller and Wong, 2013; Legault and

Dewey, 2013; Bernard et al., 2013; Behr et al., 2013) and a new RNA-seq aligner (Hu

et al., 2012) have been published. It would be desirable to include these methods in the

benchmarks. A possible solution for this would be the generation of a webservice where

developers can upload their alignments or transcript assemblies based on the data used in

the benchmarks. The webservice would then run the analysis and test the performance

of their software. The result could be graphically displayed together with the results

presented in this thesis. Storing these results would also provide an useful resource for

the community and enable interested readers of these studies to find up to date results

on new methods online.

The transcriptome reconstruction study focused mainly on the influence of tran-

scriptome complexity on transcript assembly. It might also be interesting to study the

influence of other factors, such as read length, single-end versus paired-end protocols and

strand-specific protocols. In order to assess these factors, data from the same organism

has to be generated that only differs in these aspects. If available, simulated data should

be included as it provides a proper gold standard to compare against. Especially, the

benefit of paired-end data in RNA-seq data is a controversial topic. While the use of

paired-end data in genome sequencing and the detection of structural variations is un-
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Figure 5.1: Quantification correlation dependent on different read characteristics. Shown is the
correlation between real expression level and reported RPKM values for two simulated RNA-seq data
sets.

questionable, it is not really known whether transcript reconstruction and quantification

benefits more from paired-end sequencing or from longer reads which are more likely to

span multiple introns. In an initial analysis using simulated RNA-seq data of differ-

ing read lengths and single- and paired-end, the influence of these aspects on transcript

quantification was evaluated. Preliminary results for transcript quantification using Cuf-

flinks, Scripture and MISO showed that only Cufflinks consistently benefited from the

paired-end information while both MISO and Scripture methods were not able to make

proper use of this information (Figure 5.1). Similarly, quantification with Cufflinks im-

proved with increasing read length, while the other two methods did not show benefit

from longer reads. MISO (version 0.4.1) had problems with read length greater than

100bp. These preliminary results on just a small set of quantification methods indicates

that a closer study of the influence of these aspects of RNA-seq data on quantification

and assembly methods might provide the community with valuable information which

methods are better suited for which kind of data.

A more advanced aspect that could be included in this study would be the use of

multiple insert sizes in RNA-seq data. It has been suggested that using parallel libraries

with different insert sizes can provide valuable information for transcript reconstruc-
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tion for complex transcriptomes (Smith et al., 2012). But it is questionable how many

currently available methods are actually able to make use of this kind of data.

In the aligner study, the influence of providing annotation data was analysed. Simi-

larly, it would be interesting to assess how much transcript reconstruction methods bene-

fit from annotation data. This would require artificial data that simulates the expression

of both annotated transcripts as well as novel splice variants and novel transcripts.

5.2 LIF/Stat3-signalling in mouse ES cells

LIF-mediated Stat3 signalling has long been known for its important role in maintaining

mouse ES cell self-renewal. The discovery that primed stem cells such as EpiSCs and pri-

mate ES cells are not responsive to LIF suggests that LIF signalling is intrinsically linked

to naive pluripotency. More detailed insights into the mechanisms of LIF signalling in

mouse ES cells will lead to a better understanding of ground state pluripotency.

Before the development of the 2i culture system, an unbiased study of LIF signalling

was not possible as LIF was required at all times to maintain ES cells in an undiffer-

entiated state. The 2i culture system renders LIF unnecessary for the maintenance of

undifferentiated mouse ES cells. However, adding LIF has positive effect on ES cells

self-renewal even in 2i indicating that 2i and LIF act through independent pathways.

The 2i system furthermore enable the generation and maintenance of Stat3 null embry-

onic stem cells which are vital to distinguish between Stat3-dependent signalling and

other LIF downstream effects. Taken together, this makes the 2i culture conditions

a superior system for the study of LIF-mediated Stat3 signalling. Making use of the

RNA-seq technology is another improvement compared to previous studies as it enables

the study of known genes as well as the identification of novel transcripts. Intersecting

the RNA-seq data with genome wide Stat3-binding data provided further insights into

Stat3-dependent gene regulation.

The study lead to the identification of the hitherto unknown Stat3 target Tfcp2l1.

This transcription factor was known to be expressed in ES cells and to be downregu-

lated upon differentiation but nothing was known about its function. Martello et al.

demonstrated that Tfcp2l1 is required for the propagation of LIF signalling and that

forced expression of Tfcp2l1 can substitute for Stat3 activation (Martello et al., 2013).
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Tfcp2l1 is also required for the LIF-dependent reprogramming of EpiSCs (Martello et

al., 2013; Ye et al., 2013), indicating that Tfcp2l1 plays an important role not only in

the maintenance of pluripotency but also during the induction of it.

In addition to the identification of Stat3 targets the study aimed to gain insights into

the mechanisms of Stat3-dependent gene regulation. It has been suggested that Stat3

and c-myc, a target of the Wnt-pathway and one of the Yamanaka reprogramming

factors, co-occupy a significant number of pluripotency-related genes and that these

two factors might cooperate to regulate gene expression (Kidder et al., 2008). However,

only 22% of Stat3 bound genes are bound by c-myc as well (Kidder et al., 2008). The

availability of binding data for a large number of pluripotency factors and transcriptional

regulators in mouse embryonic stem cells, enabled the study of Stat3 gene regulation in

the context of the pluripotency factor network.

A large fraction of Stat3 bound genes are bound by several pluripotency factors

(Oct4, Sox2, Nanog, Esrrb, Klf4, Prdm14, Tcf3 and Tfcp2l1). LIF-responsive genes

were usually bound by most of these factors (60% were bound by at least 7 of these

8 factors). Furthermore, the proximity between Stat3 binding sites and binding sites

of these factors significantly increased for LIF-responsive genes, in particular for Klf4

and Esrrb. Furthermore, Stat3 bound at LIF-induced genes typically co-localised with

markers of active enhancers, such as Med1, Med12 and p300. This shows that Stat3

is tightly integrated in the core pluripotency network and regulates gene expression in

cooperation with these factors.

5.2.1 Future work

The analysis of the RNA-seq data identified several novel transcripts whose expression

was significantly increased by LIF signalling. Several of these were bound by Stat3

suggesting that they are indeed regulated by Stat3. Non-coding RNAs have been shown

to play an important role in ES cell self-renewal as well as reprogramming (Loewer et al.,

2010; Guttman et al., 2011; Livyatan et al., 2013).

Therefore, it would be of interest to test whether the novel LIF-induced transcripts

identified in this study have an effect on self-renewal or reprogramming. This could be

achieved by shRNA induced knock-down of the transcripts. In case that these transcripts
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affect the self-renewing capacity of ES cells or reprogramming efficiency, it will need to

be investigated through what mechanism these transcripts execute their function.

Comparing LIF/Stat3 signalling in serum/LIF versus 2i/LIF based media suggested

different levels of Stat3 activation within these two different conditions. However, the

Stat3 mRNA was not found differentially expressed between mouse ES cells cultured in

the two different conditions, suggesting that the changes have to be post-transcriptional.

For example Stat3 mRNA stability may be different in the two conditions. The activity

and stability of the Stat3 protein is further controlled by different protein modifications,

such as phosphorylation, acetylation and ubiquitination (Hatakeyama, 2012). Studying

the levels of these modifications between the two conditions might provide an explanation

for the higher number of Stat3 binding sites and activated genes in the serum/LIF

conditions.

The binding sites of Stat3, Klf4 and Tfcp2l1 showed a high degree of overlap. Most

LIF-induced genes bound by Stat3 were also bound by Klf4 and Tfcp2l1. The same was

true for LIF-responsive genes that lacked evidence for Stat3 binding. This suggests that

Klf4 and Tfcp2l1 are two of the main Stat3 targets and responsible for the activation of

a large proportion of Stat3 secondary targets. However, only forced Tfcp2l1 expression

can substitute for Stat3 activation while forced expression of Klf4 cannot. Therefore, it

would be interesting to study the differences between Klf4 and Tfcp2l1 in more detail

to study the reason for Tfcp2l1 effect on self-renewal potential. of mouse ES cells. One

first observation is that Tfcp2l1 binds more genes than Klf4 and that most genes bound

by Klf4 are also bound by Tfcp2l1.

Interestingly, in a study overexpressing various transcription factors in ES cells, over-

expression of Klf4 cause a large number of differentially expressed genes while both over-

expression of Stat3 and Tfcp2l1 did not result in large expression changes (Correa-Cerro

et al., 2011). However, these cells were cultured in serum/LIF and therefore all three

factors should already be expressed at a high level, which might explain the lack of

expression changes. In the complementary experiment, where transcription factors were

knocked down using shRNAs, Klf4 knock down resulted in the downregulation of less

genes than knock down of Tfcp2l1 (Nishiyama et al., 2013). Finally, the overlap with

genes downregulated after Stat3 knock down was higher for genes affected by Tfcp2l1

knock down.
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Figure A.2: Quality scores for RNA-seq datasets in this study. Mean base caller quality scores for
each read position.
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Table A.1: Alignment yield. Percentage of sequenced or simulated read pairs mapped by each protocol,
for the data sets used in this study. Read pairs are classified by the number of alignments reported per
mate.
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A. K562 whole cell replicate 1

BAGET ann 87.78 0.13 0.98 3.43 0.24 92.57 90.73

GEM ann 47.13 42.92 0.37 0.77 0.72 91.91 91.17

GEM cons 47.45 42.57 0.37 0.79 0.73 91.91 91.15

GEM cons ann 47.38 42.65 0.37 0.78 0.73 91.91 91.16

GSNAP 79.50 10.98 0.04 0.90 0.35 91.77 91.14

GSNAP ann 79.61 10.86 0.04 0.92 0.35 91.78 91.15

GSTRUCT 74.48 16.01 0.04 0.88 0.39 91.80 91.17

GSTRUCT ann 77.86 12.63 0.04 0.92 0.35 91.80 91.16

MapSplice 83.31 0.01 0.05 5.81 0.88 90.07 86.72

MapSplice ann 83.30 0.01 0.05 5.81 0.89 90.07 86.71

PALMapper 32.84 36.97 18.72 1.50 1.67 91.69 90.11

PALMapper cons 18.12 0.00 0.00 24.23 0.00 42.36 30.24

PASS 82.13 0.33 0.18 8.17 0.05 90.86 86.75

PASS cons 80.95 0.32 0.00 6.65 0.00 87.93 84.60

ReadsMap 55.49 4.42 6.46 11.17 1.17 78.70 72.54

SMALT 85.76 0.03 1.02 6.49 0.38 93.68 90.24

STAR 1-pass 83.76 5.68 0.00 0.00 0.00 89.45 89.45

STAR 1-pass ann 84.17 5.45 0.00 0.00 0.00 89.61 89.61

STAR 2-pass 81.75 7.85 0.00 0.00 0.00 89.60 89.60

STAR 2-pass ann 81.66 7.93 0.00 0.00 0.00 89.59 89.59

TopHat v1 73.35 4.09 0.00 9.65 1.39 88.48 82.96

TopHat v1 ann 73.39 4.11 0.00 9.60 1.39 88.49 82.99

TopHat v2 70.58 4.49 0.00 11.29 1.58 87.95 81.51

TopHat v2 ann 72.57 4.59 0.00 10.63 1.33 89.12 83.14

B. K562 whole cell replicate 2

BAGET ann 84.16 0.14 1.54 8.79 0.51 95.14 90.49

GEM ann 47.12 41.72 0.49 3.09 2.43 94.85 92.09

GEM cons 47.46 41.34 0.49 3.14 2.42 94.85 92.07

GEM cons ann 47.40 41.42 0.49 3.12 2.42 94.85 92.08

GSNAP 78.74 11.68 0.05 2.35 0.93 93.75 92.11

GSNAP ann 78.86 11.61 0.05 2.32 0.93 93.77 92.14

GSTRUCT 73.07 17.45 0.05 2.22 1.03 93.82 92.19

GSTRUCT ann 74.60 15.91 0.05 2.26 0.99 93.81 92.19

MapSplice 76.45 0.01 0.06 12.23 2.06 90.82 83.68

MapSplice ann 76.43 0.01 0.06 12.23 2.07 90.81 83.66

PALMapper 31.12 35.15 18.23 4.72 4.80 94.03 89.27

Continued on next page
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Table A.1 – continued from previous page
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PALMapper cons 34.52 0.00 0.00 34.39 0.00 68.92 51.72

PASS 74.45 0.32 0.17 17.64 0.13 92.72 83.83

PASS cons 73.19 0.32 0.00 10.36 0.00 83.87 78.69

SMALT 86.08 0.02 0.75 6.91 0.21 93.96 90.40

STAR 1-pass 82.90 5.99 0.00 0.00 0.00 88.89 88.89

STAR 1-pass ann 83.68 5.68 0.00 0.00 0.00 89.36 89.36

STAR 2-pass 81.25 8.10 0.00 0.00 0.00 89.36 89.36

STAR 2-pass ann 81.15 8.20 0.00 0.00 0.00 89.35 89.35

TopHat v1 62.54 3.61 0.00 16.54 2.34 85.03 75.59

TopHat v1 ann 62.56 3.63 0.00 16.50 2.35 85.04 75.62

TopHat v2 59.15 3.97 0.00 17.63 2.37 83.12 73.12

TopHat v2 ann 60.74 3.85 0.00 17.39 2.16 84.15 74.37

C. K562 cytoplasmic fraction replicate 1

BAGET ann 91.83 0.11 1.00 3.51 0.29 96.74 94.84

GEM ann 52.24 42.33 0.63 0.72 0.72 96.63 95.91

GEM cons 52.66 41.87 0.63 0.75 0.72 96.63 95.90

GEM cons ann 52.57 41.98 0.63 0.74 0.72 96.63 95.90

GSNAP 82.59 12.69 0.12 0.68 0.31 96.39 95.89

GSNAP ann 82.53 12.75 0.12 0.69 0.31 96.40 95.90

GSTRUCT 77.97 17.34 0.12 0.79 0.31 96.53 95.98

GSTRUCT ann 79.34 15.97 0.12 0.81 0.30 96.53 95.98

MapSplice 90.31 0.01 0.09 4.29 0.63 95.33 92.87

MapSplice ann 90.29 0.01 0.09 4.31 0.63 95.32 92.86

PASS 89.47 0.19 0.19 5.90 0.03 95.78 92.82

PASS cons 88.33 0.18 0.00 5.51 0.00 94.03 91.27

ReadsMap 61.37 5.60 9.37 10.00 1.02 87.37 81.86

SMALT 88.12 0.00 0.49 5.63 0.14 94.39 91.50

STAR 1-pass 87.75 5.96 0.00 0.00 0.00 93.71 93.71

STAR 1-pass ann 87.72 6.12 0.00 0.00 0.00 93.84 93.84

STAR 2-pass 83.73 10.08 0.00 0.00 0.00 93.81 93.81

STAR 2-pass ann 83.60 10.20 0.00 0.00 0.00 93.80 93.80

TopHat v1 77.44 4.61 0.00 9.24 1.18 92.47 87.26

TopHat v1 ann 77.46 4.65 0.00 9.18 1.18 92.48 87.29

TopHat v2 75.66 5.96 0.00 9.56 1.25 92.43 87.03

TopHat v2 ann 77.35 6.01 0.00 8.96 1.08 93.39 88.37

D. K562 cytoplasmic fraction replicate 2

BAGET ann 90.78 0.12 1.03 3.12 0.25 95.30 93.61

GEM ann 44.72 49.11 0.46 0.51 0.40 95.20 94.74

GEM cons 45.14 48.67 0.46 0.54 0.40 95.20 94.73

Continued on next page
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GEM cons ann 45.05 48.78 0.46 0.52 0.40 95.20 94.74

GSNAP 83.12 11.16 0.11 0.56 0.17 95.12 94.75

GSNAP ann 83.11 11.18 0.11 0.57 0.17 95.13 94.76

GSTRUCT 79.62 14.68 0.11 0.66 0.17 95.25 94.83

GSTRUCT ann 81.25 13.06 0.10 0.67 0.16 95.25 94.83

MapSplice 90.66 0.01 0.08 3.31 0.34 94.40 92.58

MapSplice ann 90.60 0.01 0.08 3.36 0.34 94.40 92.55

PASS 88.31 0.20 0.18 5.90 0.03 94.63 91.66

PASS cons 87.05 0.20 0.00 5.63 0.00 92.87 90.05

SMALT 87.24 0.00 0.55 5.99 0.17 93.94 90.86

STAR 1-pass 86.92 5.63 0.00 0.00 0.00 92.55 92.55

STAR 1-pass ann 86.65 6.02 0.00 0.00 0.00 92.67 92.67

STAR 2-pass 82.97 9.67 0.00 0.00 0.00 92.64 92.64

STAR 2-pass ann 82.83 9.79 0.00 0.00 0.00 92.63 92.63

TopHat v1 75.71 4.51 0.00 9.96 1.11 91.29 85.75

TopHat v1 ann 75.79 4.52 0.00 9.88 1.11 91.30 85.80

TopHat v2 73.38 5.91 0.00 10.80 1.20 91.30 85.29

TopHat v2 ann 75.16 6.32 0.00 10.00 1.07 92.55 87.02

E. K562 nuclear fraction replicate 1

BAGET ann 92.05 0.25 1.02 2.65 0.40 96.36 94.84

GEM ann 64.76 29.89 0.40 0.72 0.45 96.22 95.63

GEM cons 65.17 29.45 0.40 0.74 0.45 96.22 95.62

GEM cons ann 65.11 29.52 0.40 0.73 0.45 96.22 95.62

GSNAP 87.22 7.68 0.06 0.65 0.26 95.87 95.42

GSNAP ann 87.25 7.66 0.06 0.65 0.26 95.88 95.43

GSTRUCT 88.12 6.84 0.06 0.71 0.21 95.93 95.47

GSTRUCT ann 88.70 6.25 0.06 0.71 0.21 95.93 95.47

MapSplice 90.43 0.01 0.08 4.10 0.55 95.16 92.84

MapSplice ann 90.43 0.01 0.08 4.09 0.55 95.16 92.84

PALMapper 46.25 24.11 21.33 1.87 2.00 95.57 93.64

PALMapper cons 37.19 2.26 3.25 33.81 3.40 79.90 61.29

PASS 89.41 0.39 0.26 5.43 0.04 95.53 92.79

PASS cons 88.22 0.38 0.00 5.23 0.00 93.83 91.22

ReadsMap 62.17 2.93 4.98 12.99 1.13 84.20 77.14

SMALT 90.82 0.01 0.54 3.88 0.17 95.42 93.40

STAR 1-pass 88.94 4.06 0.00 0.00 0.00 93.00 93.00

STAR 1-pass ann 88.77 4.31 0.00 0.00 0.00 93.08 93.08

STAR 2-pass 87.00 6.08 0.00 0.00 0.00 93.08 93.08

STAR 2-pass ann 86.95 6.13 0.00 0.00 0.00 93.07 93.07

TopHat v1 78.26 3.74 0.00 9.99 1.19 93.19 87.59
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Table A.1 – continued from previous page
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TopHat v1 ann 78.29 3.75 0.00 9.96 1.19 93.19 87.62

TopHat v2 77.30 4.10 0.00 10.23 1.26 92.88 87.14

TopHat v2 ann 78.12 3.71 0.00 9.97 1.07 92.87 87.35

F. K562 nuclear fraction replicate 2

BAGET ann 90.76 0.19 0.80 2.47 0.34 94.55 93.15

GEM ann 64.61 28.22 0.32 0.66 0.36 94.17 93.66

GEM cons 64.95 27.85 0.32 0.68 0.37 94.17 93.64

GEM cons ann 64.89 27.92 0.32 0.67 0.36 94.17 93.65

GSNAP 86.38 6.72 0.05 0.55 0.18 93.88 93.52

GSNAP ann 86.39 6.71 0.05 0.55 0.18 93.89 93.52

GSTRUCT 86.95 6.19 0.04 0.62 0.15 93.96 93.57

GSTRUCT ann 87.68 5.46 0.04 0.62 0.15 93.96 93.57

MapSplice 89.59 0.01 0.07 3.22 0.35 93.24 91.46

MapSplice ann 89.59 0.01 0.07 3.22 0.35 93.24 91.46

PALMapper 45.82 22.50 21.39 1.80 1.92 93.43 91.57

PALMapper cons 42.29 2.43 3.46 31.26 2.97 82.42 65.30

PASS 88.47 0.43 0.26 4.24 0.04 93.44 91.30

PASS cons 87.31 0.42 0.00 4.37 0.00 92.09 89.91

SMALT 89.36 0.01 0.55 4.46 0.23 94.61 92.26

STAR 1-pass 87.62 3.89 0.00 0.00 0.00 91.50 91.50

STAR 1-pass ann 87.34 4.23 0.00 0.00 0.00 91.57 91.57

STAR 2-pass 85.67 5.91 0.00 0.00 0.00 91.57 91.57

STAR 2-pass ann 85.61 5.96 0.00 0.00 0.00 91.57 91.57

TopHat v1 78.17 3.07 0.00 8.95 0.91 91.10 86.17

TopHat v1 ann 78.20 3.08 0.00 8.92 0.91 91.10 86.19

TopHat v2 78.66 3.68 0.00 7.91 0.87 91.12 86.73

TopHat v2 ann 79.32 3.34 0.00 7.64 0.72 91.03 86.85

G. Mouse brain

BAGET ann 90.34 0.28 1.81 5.87 0.67 98.98 95.71

GEM ann 62.53 31.64 2.89 0.42 2.12 99.60 98.33

GEM cons 62.80 31.33 2.89 0.45 2.12 99.60 98.31

GEM cons ann 62.72 31.44 2.89 0.43 2.11 99.60 98.33

GSNAP 83.92 9.54 1.51 1.46 2.01 98.45 96.71

GSNAP ann 83.88 9.59 1.51 1.46 2.01 98.45 96.72

GSTRUCT 81.63 13.29 1.23 1.00 1.56 98.71 97.44

GSTRUCT ann 81.94 13.00 1.20 1.01 1.56 98.71 97.43

MapSplice 88.42 0.24 1.63 5.89 1.42 97.60 93.95

MapSplice ann 88.49 0.24 1.63 5.81 1.43 97.60 93.98

PASS 87.38 0.31 0.33 9.48 0.04 97.54 92.78
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PASS cons 84.99 0.27 0.00 10.07 0.00 95.33 90.29

ReadsMap 57.26 3.68 3.20 16.36 0.99 81.50 72.82

SMALT 88.66 0.01 0.86 5.27 0.18 94.97 92.25

STAR 1-pass 84.28 4.95 0.00 0.00 0.00 89.23 89.23

STAR 1-pass ann 83.98 5.28 0.00 0.00 0.00 89.26 89.26

STAR 2-pass 83.23 6.08 0.00 0.00 0.00 89.31 89.31

STAR 2-pass ann 83.26 6.07 0.00 0.00 0.00 89.34 89.34

TopHat v1 75.09 2.68 0.00 11.08 3.21 92.06 84.92

TopHat v1 ann 75.16 2.70 0.00 11.00 3.21 92.07 84.96

TopHat v2 74.51 4.14 0.00 10.51 2.38 91.54 85.10

TopHat v2 ann 76.35 2.71 0.00 10.52 2.18 91.75 85.41

H. Simulation 1

BAGET ann 96.37 0.12 0.95 2.08 0.18 99.71 98.58

GEM ann 67.92 31.68 0.20 0.11 0.08 100.00 99.90

GEM cons 68.18 31.38 0.20 0.15 0.10 100.00 99.88

GEM cons ann 68.04 31.55 0.20 0.12 0.08 100.00 99.90

GSNAP 94.59 4.54 0.00 0.18 0.05 99.35 99.24

GSNAP ann 94.65 4.49 0.00 0.19 0.05 99.37 99.25

GSTRUCT 94.54 4.60 0.00 0.20 0.04 99.38 99.26

GSTRUCT ann 95.37 3.77 0.00 0.20 0.04 99.38 99.26

MapSplice 95.80 2.06 0.01 1.38 0.08 99.34 98.61

MapSplice ann 95.95 2.06 0.01 1.24 0.08 99.34 98.68

PALMapper 51.06 22.92 23.26 1.30 0.91 99.46 98.35

PALMapper ann 49.88 23.48 24.02 1.21 0.88 99.46 98.42

PALMapper cons 57.35 3.89 7.10 22.26 2.67 93.27 80.81

PALMapper cons ann 62.61 16.14 17.49 2.22 0.78 99.25 97.74

PASS 94.53 0.44 0.23 3.52 0.02 98.73 96.97

PASS cons 93.82 0.44 0.00 3.46 0.00 97.72 95.99

ReadsMap 75.90 2.17 4.29 10.83 0.45 93.64 88.00

SMALT 95.79 0.01 0.25 1.30 0.04 97.39 96.73

STAR 1-pass 95.97 2.80 0.00 0.00 0.00 98.77 98.77

STAR 1-pass ann 95.44 3.41 0.00 0.00 0.00 98.85 98.85

STAR 2-pass 95.36 3.50 0.00 0.00 0.00 98.86 98.86

STAR 2-pass ann 95.18 3.67 0.00 0.00 0.00 98.85 98.85

TopHat v1 90.80 1.98 0.00 5.04 0.27 98.10 95.44

TopHat v1 ann 91.05 2.00 0.00 4.78 0.27 98.10 95.58

TopHat v2 88.00 2.46 0.00 6.64 0.36 97.46 93.96

TopHat v2 ann 88.38 2.45 0.00 5.77 0.26 96.85 93.84

I. Simulation 2
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BAGET ann 91.36 0.35 2.47 4.66 0.51 99.36 96.77

GEM ann 71.15 27.08 0.58 0.74 0.44 99.99 99.40

GEM cons 71.76 26.38 0.59 0.81 0.45 99.99 99.36

GEM cons ann 71.50 26.72 0.59 0.75 0.44 99.99 99.39

GSNAP 93.95 3.60 0.01 0.65 0.14 98.35 97.95

GSNAP ann 93.97 3.58 0.01 0.68 0.14 98.39 97.97

GSTRUCT 94.11 3.57 0.01 0.71 0.12 98.52 98.11

GSTRUCT ann 94.82 2.87 0.01 0.72 0.11 98.52 98.11

MapSplice 89.26 1.75 0.02 6.88 0.26 98.19 94.61

MapSplice ann 89.59 1.74 0.03 6.61 0.25 98.21 94.79

PALMapper 47.73 19.09 27.68 2.70 1.87 99.06 96.78

PALMapper ann 44.90 20.84 29.17 2.37 1.80 99.08 96.99

PALMapper cons 56.73 5.78 12.15 16.52 3.70 94.88 84.77

PALMapper cons ann 58.91 10.22 21.30 5.85 1.92 98.21 94.32

PASS 83.60 0.39 0.29 11.70 0.05 96.03 90.15

PASS cons 82.52 0.38 0.00 9.15 0.00 92.06 87.48

ReadsMap 73.71 2.06 2.99 14.63 0.81 94.21 86.49

SMALT 94.92 0.01 0.48 1.82 0.04 97.27 96.34

STAR 1-pass 93.36 2.87 0.00 0.00 0.00 96.23 96.23

STAR 1-pass ann 93.33 3.38 0.00 0.00 0.00 96.71 96.71

STAR 2-pass 93.24 3.53 0.00 0.00 0.00 96.77 96.77

STAR 2-pass ann 93.09 3.69 0.00 0.00 0.00 96.77 96.77

TopHat v1 75.36 1.71 0.00 17.25 0.80 95.11 86.09

TopHat v1 ann 76.09 1.74 0.00 16.62 0.79 95.24 86.53

TopHat v2 63.27 1.88 0.00 24.52 1.03 90.70 77.93

TopHat v2 ann 65.70 2.11 0.00 22.70 0.98 91.48 79.64
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Table A.2: Mapping accuracy for simulated data (all reads). Results are shown for simulated reads
from the nuclear genome, and percentages are relative to the total number of such reads. Perfectly
mapped reads have all 76 bases correctly placed (accounting for ambiguity in indel placement as de-
scribed in Methods). Part correctly mapped reads have at least one base correctly placed, but not all
76. Reads mapped near the correct location are those for which no base is correctly placed, but the
mapping overlaps with the correct mapping (this may occur in repetitive regions or indicate a bug in
the aligner, as for ReadsMap).

Uniquely mapped reads All reads (primary alignment counted)
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A. Simulation 1

BAGET ann 97.75 85.04 7.63 0.02 90.41 5.18 98.49 85.04 8.24 0.02 90.61 5.23

GEM ann 70.79 68.66 1.98 0.00 70.45 0.31 99.90 93.38 3.53 0.01 96.54 3.29

GEM cons 71.08 68.84 2.09 0.00 70.71 0.33 99.87 93.28 3.61 0.01 96.49 3.30

GEM cons ann 70.93 68.76 2.01 0.00 70.57 0.31 99.89 93.35 3.56 0.01 96.53 3.29

GSNAP 95.65 82.99 12.39 0.01 94.68 0.37 99.23 84.90 12.66 0.01 96.84 1.75

GSNAP ann 95.72 87.04 8.62 0.01 95.30 0.07 99.24 89.07 8.82 0.01 97.52 1.35

GSTRUCT 95.70 87.43 8.08 0.01 95.18 0.19 99.24 89.05 8.24 0.01 96.95 1.95

GSTRUCT ann 96.59 88.27 8.14 0.01 96.08 0.18 99.24 89.65 8.28 0.01 97.59 1.31

MapSplice 96.70 94.34 1.98 0.01 95.94 0.40 98.55 95.22 1.99 0.02 96.83 1.35

MapSplice ann 96.79 94.28 2.15 0.01 96.07 0.39 98.63 95.16 2.16 0.02 96.95 1.34

PALMapper 68.50 67.84 0.63 0.00 68.41 0.09 98.25 91.30 4.20 0.02 95.20 3.05

PALMapper ann 67.57 67.18 0.37 0.00 67.51 0.06 98.33 91.26 3.94 0.02 94.96 3.37

PALMapper cons 73.43 72.39 0.92 0.00 73.28 0.15 80.24 77.34 1.24 0.01 78.54 1.70

PALMapper cons ann 77.83 76.28 1.51 0.00 77.72 0.11 97.62 90.05 5.10 0.01 94.85 2.78

PASS 96.24 48.11 45.10 0.02 90.62 3.08 96.85 48.21 45.21 0.02 90.83 3.46

PASS cons 95.35 48.08 44.60 0.02 90.27 2.75 95.83 48.18 44.71 0.02 90.47 3.01

ReadsMap 83.60 75.22 0.82 3.90 75.95 7.65 87.02 76.40 0.86 3.95 77.15 9.87

SMALT 96.72 73.17 21.80 0.00 91.56 1.89 96.89 73.17 21.90 0.00 91.62 1.92

STAR 1-pass 96.14 84.61 11.20 0.00 94.87 0.47 98.72 85.81 11.35 0.01 96.20 1.70

STAR 1-pass ann 95.56 88.83 6.60 0.00 95.06 0.16 98.81 90.64 6.94 0.01 97.19 1.27

STAR 2-pass 95.48 89.11 6.24 0.00 95.01 0.16 98.82 91.05 6.57 0.01 97.26 1.23

STAR 2-pass ann 95.29 89.00 6.16 0.00 94.84 0.15 98.81 91.08 6.52 0.01 97.26 1.25

TopHat v1 93.37 90.12 1.96 0.02 92.00 1.37 95.23 90.87 2.00 0.02 92.79 2.44

TopHat v1 ann 93.51 90.21 2.00 0.02 92.13 1.37 95.39 90.97 2.05 0.02 92.94 2.45

TopHat v2 91.38 90.41 0.46 0.01 90.84 0.54 93.81 91.45 0.56 0.02 91.96 1.85

TopHat v2 ann 92.00 91.35 0.36 0.01 91.69 0.31 94.62 92.64 0.54 0.02 93.16 1.46

B. Simulation 2

BAGET ann 94.93 80.35 9.77 0.01 86.98 4.73 96.77 80.35 11.31 0.01 87.49 4.83

GEM ann 71.85 66.36 5.21 0.01 70.84 0.84 99.40 87.23 8.29 0.02 94.33 4.76

GEM cons 72.50 66.77 5.45 0.01 71.44 0.88 99.36 87.06 8.40 0.02 94.25 4.80

Continued on next page
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Table A.2 – continued from previous page

Uniquely mapped reads All reads (primary alignment counted)
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GEM cons ann 72.21 66.64 5.28 0.01 71.19 0.85 99.39 87.21 8.30 0.02 94.32 4.77

GSNAP 94.28 70.94 22.95 0.01 92.48 0.47 97.95 72.54 23.45 0.01 94.55 2.01

GSNAP ann 94.31 74.66 19.48 0.01 93.18 0.19 97.97 76.35 19.91 0.01 95.27 1.70

GSTRUCT 94.47 76.06 18.01 0.01 93.18 0.42 98.11 77.42 18.33 0.01 94.85 2.34

GSTRUCT ann 95.18 76.75 18.08 0.01 93.95 0.36 98.11 77.96 18.37 0.01 95.43 1.76

MapSplice 92.72 86.05 6.00 0.01 90.55 0.68 94.61 86.94 6.05 0.02 91.46 1.62

MapSplice ann 92.90 86.13 6.11 0.01 90.77 0.70 94.78 87.00 6.16 0.01 91.67 1.64

PALMapper 62.96 61.43 1.43 0.00 62.70 0.26 96.78 85.21 8.47 0.02 93.03 3.74

PALMapper ann 60.71 59.87 0.77 0.00 60.55 0.16 96.99 85.65 7.83 0.02 92.99 4.00

PALMapper cons 71.11 68.47 2.41 0.00 70.77 0.34 84.76 76.60 5.55 0.02 81.91 2.86

PALMapper cons ann 72.53 70.46 1.96 0.00 72.34 0.19 94.32 82.50 8.88 0.02 90.92 3.40

PASS 89.59 25.96 60.51 0.02 80.35 3.04 90.15 26.01 60.64 0.02 80.52 3.38

PASS cons 87.10 25.94 58.58 0.02 79.12 2.60 87.48 25.99 58.71 0.02 79.28 2.80

ReadsMap 82.51 69.79 2.02 7.49 71.54 10.97 86.48 70.87 2.06 7.59 72.65 13.83

SMALT 96.07 64.55 29.38 0.00 90.04 2.07 96.34 64.55 29.55 0.00 90.13 2.10

STAR 1-pass 93.36 72.55 20.39 0.00 90.75 0.62 96.23 73.72 20.74 0.01 92.21 1.96

STAR 1-pass ann 93.33 76.53 16.55 0.00 91.66 0.36 96.71 78.10 17.11 0.01 93.73 1.60

STAR 2-pass 93.24 76.80 16.14 0.00 91.58 0.39 96.77 78.54 16.74 0.01 93.85 1.58

STAR 2-pass ann 93.08 76.85 15.98 0.00 91.51 0.35 96.77 78.67 16.61 0.01 93.90 1.59

TopHat v1 83.98 80.94 2.04 0.01 82.90 1.08 86.09 81.76 2.14 0.01 83.82 2.27

TopHat v1 ann 84.40 81.32 2.08 0.01 83.32 1.07 86.53 82.16 2.19 0.01 84.26 2.27

TopHat v2 75.53 74.31 0.87 0.01 75.13 0.40 77.92 75.29 0.97 0.01 76.18 1.74

TopHat v2 ann 77.05 75.94 0.83 0.01 76.73 0.32 79.65 77.14 1.02 0.01 78.10 1.55
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Table A.3: Mapping accuracy for simulated data (spliced reads). Results are shown for simulated
spliced reads from the nuclear genome, and percentages are relative to the total number of such reads.
Perfectly mapped reads have all 76 bases correctly placed (accounting for ambiguity in indel placement
as described in Methods). Part correctly mapped reads have at least one base correctly placed, but not
all 76. Reads mapped near the correct location are those for which no base is correctly placed, but the
mapping overlaps with the correct mapping (this may occur in repetitive regions or indicate a bug in
the aligner, as for ReadsMap).
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A. Simulation 1

BAGET ann 91.73 39.23 35.43 0.01 64.14 17.83 94.59 39.23 37.95 0.01 64.96 17.96

GEM ann 21.58 13.33 7.71 0.01 20.19 1.25 99.52 80.46 14.78 0.01 93.57 5.64

GEM cons 22.39 13.58 8.23 0.01 20.84 1.37 99.38 79.94 15.16 0.01 93.31 5.72

GEM cons ann 21.93 13.54 7.84 0.01 20.50 1.27 99.49 80.30 14.91 0.01 93.50 5.67

GSNAP 96.44 64.51 31.00 0.00 93.21 1.44 99.31 65.51 31.61 0.00 94.78 2.68

GSNAP ann 96.82 85.14 11.58 0.00 96.20 0.18 99.36 86.57 11.81 0.00 97.84 1.07

GSTRUCT 95.09 84.77 10.13 0.00 94.45 0.26 99.38 86.57 10.35 0.00 96.46 2.52

GSTRUCT ann 97.33 86.94 10.23 0.00 96.73 0.23 99.37 87.93 10.39 0.00 97.88 1.11

MapSplice 97.09 89.22 7.01 0.00 95.09 0.96 97.46 89.27 7.04 0.00 95.17 1.24

MapSplice ann 97.51 88.89 7.82 0.00 95.69 0.93 97.86 88.91 7.86 0.00 95.75 1.21

PALMapper 35.11 32.21 2.85 0.00 34.77 0.33 98.58 81.36 14.58 0.00 94.77 3.81

PALMapper ann 33.21 31.60 1.59 0.00 33.05 0.16 98.95 83.57 12.49 0.00 95.22 3.74

PALMapper cons 41.10 35.99 4.56 0.00 40.42 0.68 52.14 44.62 5.54 0.00 49.96 2.18

PALMapper cons ann 63.26 55.90 7.30 0.00 62.88 0.39 97.29 75.16 19.30 0.00 93.27 4.02

PASS 92.26 56.31 29.43 0.01 82.78 7.01 92.44 56.35 29.50 0.01 82.86 7.09

PASS cons 91.61 56.31 29.01 0.01 82.52 6.81 91.75 56.34 29.07 0.01 82.59 6.87

ReadsMap 94.52 87.94 2.26 4.19 89.99 4.53 97.44 89.05 2.32 4.24 91.14 6.29

SMALT 96.10 5.52 83.88 0.00 72.96 8.06 96.65 5.52 84.39 0.00 73.27 8.09

STAR 1-pass 96.68 59.73 35.86 0.00 91.57 1.79 98.81 60.31 36.32 0.00 92.53 2.88

STAR 1-pass ann 94.73 82.28 12.26 0.00 93.43 0.35 99.14 84.77 13.53 0.00 97.11 1.03

STAR 2-pass 94.46 83.70 10.47 0.00 93.22 0.41 99.18 86.72 11.66 0.00 97.34 0.95

STAR 2-pass ann 93.82 83.73 9.90 0.00 92.80 0.29 99.16 87.13 11.23 0.00 97.46 0.93

TopHat v1 91.77 78.88 9.43 0.00 87.93 3.84 93.03 79.29 9.64 0.00 88.53 4.50

TopHat v1 ann 92.48 79.36 9.66 0.00 88.63 3.85 93.81 79.82 9.89 0.00 89.30 4.51

TopHat v2 88.01 84.78 1.78 0.00 86.42 1.59 90.02 85.57 2.23 0.00 87.56 2.46

TopHat v2 ann 91.24 90.04 1.08 0.00 91.06 0.18 94.51 91.82 1.75 0.00 93.47 1.04

B. Simulation 2

BAGET ann 85.25 36.99 33.78 0.01 59.31 14.73 90.25 36.99 38.15 0.01 60.74 14.96

GEM ann 27.43 12.78 13.67 0.03 23.77 2.95 97.25 66.53 25.21 0.05 87.09 8.79

GEM cons 28.68 13.04 14.63 0.04 24.78 3.14 97.02 65.67 25.79 0.05 86.66 8.98

Continued on next page
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Table A.3 – continued from previous page

Uniquely mapped reads All reads (primary alignment counted)
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GEM cons ann 27.85 13.00 13.87 0.03 24.14 2.99 97.20 66.39 25.29 0.05 87.02 8.82

GSNAP 94.22 51.61 41.43 0.00 89.48 1.66 97.36 52.53 42.26 0.00 91.15 3.02

GSNAP ann 94.43 70.60 23.51 0.00 92.82 0.44 97.45 71.93 23.97 0.00 94.59 1.65

GSTRUCT 93.53 72.18 20.61 0.00 91.67 0.85 97.73 73.62 21.03 0.00 93.50 3.16

GSTRUCT ann 95.04 73.83 20.68 0.00 93.40 0.63 97.72 74.86 21.01 0.00 94.74 1.93

MapSplice 88.03 71.09 15.41 0.00 82.84 1.63 88.44 71.12 15.51 0.00 82.95 1.88

MapSplice ann 88.97 71.60 15.83 0.00 84.03 1.69 89.35 71.61 15.93 0.00 84.12 1.93

PALMapper 30.30 24.79 5.36 0.00 29.51 0.79 95.42 69.75 22.73 0.00 90.24 5.18

PALMapper ann 26.37 23.94 2.37 0.00 26.05 0.32 96.47 75.00 18.43 0.00 92.08 4.39

PALMapper cons 41.40 30.85 9.70 0.00 40.07 1.34 59.63 40.60 15.50 0.00 55.29 4.34

PALMapper cons ann 58.04 50.08 7.82 0.00 57.55 0.49 91.45 65.20 23.19 0.00 86.99 4.47

PASS 78.31 31.92 40.48 0.02 66.53 6.17 78.50 31.94 40.57 0.02 66.61 6.25

PASS cons 75.77 31.92 38.45 0.02 65.27 5.76 75.90 31.94 38.52 0.02 65.34 5.81

ReadsMap 87.63 72.81 4.81 9.70 77.02 10.61 90.82 73.88 4.93 9.82 78.17 12.65

SMALT 94.88 4.13 83.91 0.00 70.66 7.84 95.85 4.13 84.75 0.00 71.16 7.91

STAR 1-pass 91.80 42.50 48.05 0.00 82.96 2.14 94.50 43.11 48.93 0.00 84.26 3.30

STAR 1-pass ann 91.98 63.42 28.13 0.00 87.96 0.80 96.47 65.30 29.87 0.00 91.37 1.69

STAR 2-pass 91.89 65.27 25.99 0.00 87.96 0.95 96.70 67.61 27.80 0.00 91.90 1.62

STAR 2-pass ann 91.34 65.81 25.10 0.00 87.89 0.73 96.71 68.46 26.98 0.00 92.22 1.59

TopHat v1 77.46 66.62 8.04 0.00 74.35 3.11 79.17 67.23 8.38 0.00 75.26 3.91

TopHat v1 ann 79.59 68.59 8.23 0.00 76.49 3.10 81.39 69.26 8.60 0.00 77.50 3.90

TopHat v2 65.76 62.38 2.35 0.00 64.57 1.19 67.56 63.07 2.73 0.00 65.54 2.02

TopHat v2 ann 73.10 70.93 1.99 0.00 72.81 0.29 76.50 72.68 2.67 0.00 75.18 1.32
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Table A.4: Mapping accuracy for simulated data (unspliced reads). Results are shown for simulated
unspliced reads from the nuclear genome, and percentages are relative to the total number of such reads.
Perfectly mapped reads have all 76 bases correctly placed (accounting for ambiguity in indel placement
as described in Methods). Part correctly mapped reads have at least one base correctly placed, but not
all 76. Reads mapped near the correct location are those for which no base is correctly placed, but the
mapping overlaps with the correct mapping (this may occur in repetitive regions or indicate a bug in
the aligner, as for ReadsMap).
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A. Simulation 1

BAGET ann 99.22 96.23 0.84 0.02 96.83 2.09 99.45 96.23 0.98 0.02 96.88 2.11

GEM ann 82.81 82.18 0.58 0.00 82.73 0.08 99.99 96.53 0.79 0.02 97.27 2.71

GEM cons 82.98 82.34 0.59 0.00 82.89 0.08 99.99 96.53 0.78 0.02 97.27 2.71

GEM cons ann 82.90 82.26 0.59 0.00 82.81 0.08 99.99 96.53 0.78 0.02 97.27 2.71

GSNAP 95.46 87.50 7.85 0.01 95.03 0.11 99.21 89.64 8.03 0.02 97.35 1.52

GSNAP ann 95.45 87.51 7.89 0.01 95.08 0.05 99.21 89.68 8.09 0.02 97.44 1.42

GSTRUCT 95.84 88.08 7.59 0.01 95.36 0.17 99.21 89.66 7.72 0.02 97.07 1.81

GSTRUCT ann 96.40 88.60 7.63 0.01 95.92 0.17 99.21 90.07 7.76 0.02 97.52 1.36

MapSplice 96.61 95.60 0.75 0.01 96.15 0.26 98.82 96.68 0.75 0.02 97.24 1.38

MapSplice ann 96.61 95.60 0.76 0.01 96.16 0.25 98.82 96.68 0.77 0.02 97.25 1.37

PALMapper 76.66 76.55 0.09 0.00 76.62 0.04 98.17 93.73 1.66 0.03 95.31 2.87

PALMapper ann 75.97 75.87 0.07 0.00 75.93 0.04 98.17 93.14 1.85 0.03 94.89 3.28

PALMapper cons 81.33 81.28 0.03 0.00 81.31 0.02 87.11 85.34 0.19 0.01 85.52 1.59

PALMapper cons ann 81.39 81.26 0.09 0.00 81.35 0.04 97.71 93.69 1.62 0.02 95.23 2.47

PASS 97.21 46.10 48.92 0.02 92.53 2.12 97.93 46.23 49.05 0.02 92.78 2.57

PASS cons 96.26 46.06 48.41 0.02 92.16 1.76 96.82 46.18 48.54 0.02 92.40 2.07

ReadsMap 80.93 72.11 0.47 3.83 72.52 8.41 84.47 73.31 0.50 3.88 73.73 10.74

SMALT 96.87 89.70 6.63 0.00 96.11 0.38 96.95 89.70 6.63 0.00 96.11 0.41

STAR 1-pass 96.01 90.69 5.17 0.00 95.68 0.15 98.70 92.04 5.25 0.01 97.10 1.41

STAR 1-pass ann 95.76 90.43 5.22 0.00 95.46 0.12 98.73 92.08 5.33 0.01 97.21 1.32

STAR 2-pass 95.73 90.42 5.21 0.00 95.45 0.10 98.73 92.11 5.33 0.01 97.24 1.30

STAR 2-pass ann 95.65 90.29 5.24 0.00 95.34 0.12 98.73 92.04 5.37 0.01 97.21 1.33

TopHat v1 93.76 92.87 0.13 0.02 93.00 0.77 95.77 93.70 0.14 0.02 93.83 1.94

TopHat v1 ann 93.76 92.86 0.13 0.02 92.99 0.77 95.77 93.70 0.14 0.02 93.83 1.94

TopHat v2 92.20 91.78 0.14 0.01 91.92 0.29 94.73 92.89 0.15 0.02 93.03 1.70

TopHat v2 ann 92.19 91.67 0.19 0.01 91.85 0.34 94.65 92.85 0.25 0.02 93.08 1.57

B. Simulation 2

BAGET ann 97.27 90.86 3.94 0.01 93.68 2.31 98.35 90.86 4.81 0.01 93.97 2.38

GEM ann 82.62 79.35 3.16 0.00 82.25 0.33 99.92 92.25 4.19 0.02 96.09 3.78

GEM cons 83.12 79.79 3.22 0.00 82.75 0.33 99.92 92.25 4.18 0.02 96.08 3.79

Continued on next page
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Table A.4 – continued from previous page

Uniquely mapped reads All reads (primary alignment counted)
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GEM cons ann 82.96 79.65 3.20 0.00 82.59 0.33 99.92 92.25 4.18 0.02 96.09 3.78

GSNAP 94.29 75.62 18.47 0.01 93.21 0.18 98.10 77.39 18.89 0.02 95.38 1.77

GSNAP ann 94.29 75.64 18.51 0.01 93.26 0.13 98.10 77.42 18.93 0.02 95.44 1.71

GSTRUCT 94.70 77.00 17.38 0.01 93.55 0.31 98.20 78.34 17.68 0.02 95.17 2.14

GSTRUCT ann 95.21 77.46 17.46 0.01 94.08 0.29 98.20 78.71 17.74 0.02 95.60 1.72

MapSplice 93.85 89.68 3.72 0.01 92.41 0.44 96.11 90.77 3.76 0.02 93.53 1.56

MapSplice ann 93.86 89.65 3.76 0.01 92.40 0.46 96.10 90.73 3.79 0.02 93.51 1.57

PALMapper 70.87 70.31 0.48 0.00 70.75 0.13 97.11 88.95 5.02 0.02 93.71 3.40

PALMapper ann 69.03 68.58 0.38 0.00 68.91 0.12 97.12 88.23 5.27 0.03 93.21 3.91

PALMapper cons 78.31 77.59 0.64 0.00 78.21 0.10 90.86 85.32 3.13 0.02 88.36 2.50

PALMapper cons ann 76.04 75.40 0.55 0.00 75.92 0.12 95.01 86.69 5.41 0.02 91.87 3.14

PASS 92.32 24.52 65.36 0.02 83.71 2.29 92.97 24.58 65.51 0.02 83.89 2.69

PASS cons 89.84 24.50 63.46 0.02 82.47 1.84 90.29 24.55 63.60 0.02 82.65 2.08

ReadsMap 81.27 69.06 1.35 6.95 70.22 11.06 85.43 70.14 1.37 7.05 71.32 14.11

SMALT 96.36 79.19 16.17 0.00 94.73 0.67 96.45 79.19 16.17 0.00 94.73 0.69

STAR 1-pass 93.74 79.84 13.68 0.00 92.64 0.26 96.65 81.13 13.90 0.01 94.14 1.64

STAR 1-pass ann 93.66 79.71 13.74 0.00 92.55 0.25 96.77 81.20 14.02 0.01 94.30 1.58

STAR 2-pass 93.56 79.59 13.76 0.00 92.45 0.26 96.79 81.18 14.07 0.01 94.33 1.57

STAR 2-pass ann 93.51 79.52 13.77 0.00 92.39 0.26 96.79 81.14 14.09 0.01 94.31 1.59

TopHat v1 85.55 84.41 0.59 0.02 84.97 0.58 87.77 85.29 0.63 0.02 85.89 1.88

TopHat v1 ann 85.56 84.41 0.59 0.02 84.98 0.58 87.78 85.29 0.63 0.02 85.90 1.87

TopHat v2 77.90 77.20 0.51 0.01 77.69 0.21 80.44 78.25 0.54 0.02 78.76 1.68

TopHat v2 ann 78.01 77.15 0.55 0.01 77.68 0.33 80.41 78.22 0.62 0.02 78.80 1.61
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Figure B.1: Comparison of quantification methods for H. sapiens. For each pair of methods, scatter
plots relate log2 RPKM values for the genes identified by all methods. The corresponding correlation
coefficients (Pearson’s r) are shown opposite. Where multiple transcripts were reported for the same
gene, the highest RPKM value was used, corresponding to the predominant transcript identified by
each method. RPKM values for AUGUSTUS, iReckon, SLIDE, Transomics and Trembly correspond to
the values reported by their all and full protocols.
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Figure B.2: Comparison of quantification methods for D. melanogaster. For each pair of methods,
scatter plots relate log2 RPKM values for the genes identified by all methods. The corresponding
correlation coefficients (Pearson’s r) are shown opposite. Where multiple transcripts were reported
for the same gene, the highest RPKM value was used, corresponding to the predominant transcript
identified by each method. RPKM values for AUGUSTUS, iReckon, SLIDE, and Transomics correspond
to the values reported by their all and full protocols.

175



Appendix B

Figure B.3: Comparison of quantification methods for C. elegans. For each pair of methods, scatter
plots relate log2 RPKM values for the genes identified by all methods. The corresponding correlation
coefficients (Pearson’s r) are shown opposite. Where multiple transcripts were reported for the same
gene, the highest RPKM value was used, corresponding to the predominant transcript identified by each
method. RPKM values for AUGUSTUS, iReckon, SLIDE, and Transomics correspond to the values
reported by their all and full protocols.
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Figure B.4: Correlation between NanoString counts and numbers of mapped reads for targeted exons
and junctions. Scatter plots show individual data points in red (TopHat2) and blue (STAR). Count
values were incremented by 1 prior to log transformation to avoid infinite numbers.

177



Appendix B

A
U

G
U

S
TU

S
 a

ll
C

uf
fli

nk
s

iR
ec

ko
n 

en
ds

iR
ec

ko
n 

fu
ll

m
G

en
e

m
G

en
e 

gr
ap

h
m

Ti
m

S
LI

D
E

 a
ll

Tr
an

so
m

ic
s 

al
l

Tr
em

bl
y 

al
l

Tr
om

er
0

5

10

15

lo
g 2

 N
an

oS
rin

g 
co

un
ts

A
U

G
U

S
TU

S
 a

ll
C

uf
fli

nk
s

iR
ec

ko
n 

en
ds

iR
ec

ko
n 

fu
ll

m
G

en
e

m
G

en
e 

gr
ap

h
m

Ti
m

S
LI

D
E

 a
ll

Tr
an

so
m

ic
s 

al
l

Tr
em

bl
y 

al
l

Tr
om

er

0

5

10

15

lo
g 2

 N
an

oS
tri

ng
 c

ou
nt

s

A
U

G
U

S
TU

S
 a

ll
C

uf
fli

nk
s

iR
ec

ko
n 

en
ds

iR
ec

ko
n 

fu
ll

m
G

en
e

m
G

en
e 

gr
ap

h
m

Ti
m

S
LI

D
E

 a
ll

Tr
an

so
m

ic
s 

al
l

Tr
em

bl
y 

al
l

Tr
om

er

0

2

4

6

8

10

S
TA

R
 lo

g 2
 re

ad
s

A
U

G
U

S
TU

S
 a

ll
C

uf
fli

nk
s

iR
ec

ko
n 

en
ds

iR
ec

ko
n 

fu
ll

m
G

en
e

m
G

en
e 

gr
ap

h
m

Ti
m

S
LI

D
E

 a
ll

Tr
an

so
m

ic
s 

al
l

Tr
em

bl
y 

al
l

Tr
om

er
0

2

4

6

8

10

S
TA

R
 lo

g 2
 re

ad
s

Identified

Identified

Not identified

Not identified

a

b

Figure B.5: Distribution of NanoString counts (a) and mapped reads by the STAR aligner (b) for
probes depending on whether a method identified an isoform consistent with a probe (left) or not (right).
Both mTim and Transomics failed to identify many exons or junctions with RNA-seq read support.
Count values were incremented by 1 prior to log transformation to avoid infinite values.
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Figure B.6: Correlation between NanoString counts and gene RPKMs. Scatter plots show individual
data points in black, with colour intensity indicating the density of data points. Where multiple tran-
script were reported for the same gene, the highest RPKM value was used (irrespective of whether that
transcript contained the exon or junction targeted by the NanoString probe). Correlation coefficients
(Pearson’s r) are given for each comparison.
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Table B.1: Alternative splicing and transcript diversity

Minimum First quartile Median Mean Third quartile Maximum

H. sapiens
CDS length (bp) 1 79 115 143.7 159 17330
Exon length (bp) 1 87 126 224.9 186 91670
Intron length (bp) 3 498 1569 6410 4481 4251000
Exons per transcript 1 3 5 6.646 8 118
Transcripts per gene 1 1 1 5.225 7 80

D. melanogaster
CDS length (bp) 1 124 197 372.6 402 27710
Exon length (bp) 1 144 246 476.2 544 28070
Intron length (bp) 4 65 104 1540 733 139300
Exons per transcript 1 2 4 5.496 7 78
Transcripts per gene 1 1 1 1.943 2 31

C. elegans
CDS length (bp) 1 99 146 205.3 234 14980
Exon length (bp) 1 99 146 205.3 234 14980
Intron length (bp) 3 50 71 330.6 345 21230
Exons per transcript 1 4 6 6.819 9 66
Transcripts per gene 1 1 1 1.255 1 15

Table B.2: Nucleotide-level performance

H. sapiens D. melanogaster C. elegans
Sensitivity Precision Sensitivity Precision Sensitivity Precision

AUGUSTUS all 63.77% 77.14% 87.17% 89.26% 96.88% 65.28%
AUGUSTUS high 63.70% 84.75% 96.65% 72.32%

AUGUSTUS no RNA 55.46% 44.91% 83.93% 83.63% 95.68% 60.17%
Cufflinks 79.31% 59.98% 84.98% 90.87% 88.61% 75.81%

Exonerate all 66.89% 87.21% 77.19% 92.87% 84.82% 78.73%
Exonerate high 65.01% 90.33% 75.22% 94.54% 83.78% 80.12%

GSTRUCT 60.59% 86.08% 58.13% 88.91% 76.67% 69.75%
iReckon full 78.33% 31.29% 89.72% 77.56% 96.08% 83.42%

iReckon ends 83.44% 10.01% 92.40% 69.20% 97.17% 73.29%
mGene 71.38% 42.86% 75.33% 87.87% 95.28% 72.73%

mGene graph 67.56% 55.51% 71.98% 90.68% 85.81% 75.70%
mTim 54.06% 90.24% 61.97% 93.06% 78.08% 81.31%

NextGeneid 64.73% 80.59% 80.36% 94.22% 84.51% 79.16%
NextGeneidAS 63.48% 81.01% 79.51% 94.44% 83.32% 79.13%

NextGeneidAS ab-initio 62.95% 79.72% 79.32% 94.37% 83.26% 79.32%
Oases 68.28% 68.53% 75.98% 91.65% 76.58% 80.52%

SLIDE all 89.28% 88.33% 96.67% 96.15% 93.36% 96.90%
SLIDE high 76.48% 87.87% 91.94% 96.64% 88.41% 97.07%

Transomics all 45.65% 53.57% 68.35% 83.70% 98.36% 72.00%
Transomics high 45.29% 75.06% 68.30% 88.99% 98.12% 82.61%

Trembly all 70.54% 85.99%
Trembly high 53.24% 91.41%

Tromer 84.67% 39.50% 92.06% 76.70% 87.74% 63.15%
Velvet 65.79% 78.69% 72.54% 88.07% 77.73% 82.18%

Velvet + AUGUSTUS 37.66% 75.51% 65.72% 76.78%
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Table B.3: Exon-, transcript- and gene-level performance for CDS reconstruction

Exon Transcript Gene
Sensitivity Precision Sensitivity Precision Sensitivity Precision

H. sapiens
AUGUSTUS all 66.18% 75.03% 19.51% 43.70% 61.47% 45.64%

AUGUSTUS high 66.09% 81.46% 19.50% 49.45% 61.46% 53.23%
AUGUSTUS no RNA 54.96% 48.88% 5.34% 9.28% 17.61% 9.28%

Exonerate all 57.36% 85.11% 19.77% 31.88% 58.12% 31.88%
Exonerate high 56.04% 89.39% 16.24% 42.65% 54.29% 42.65%

mGene 63.13% 50.32% 14.62% 10.01% 50.01% 10.02%
mGene graph 53.49% 82.44% 16.03% 34.44% 49.33% 46.01%

mTim 28.76% 92.55% 8.82% 46.66% 27.52% 52.53%
NextGeneid 50.47% 85.22% 11.29% 38.01% 40.96% 38.01%

NextGeneidAS 50.11% 82.48% 11.77% 31.47% 39.84% 31.47%
NextGeneidAS ab-initio 50.14% 80.49% 11.76% 29.20% 39.82% 29.20%

Transomics all 66.23% 50.68% 11.10% 14.59% 39.52% 14.59%
Transomics high 65.58% 69.73% 11.10% 23.89% 39.51% 23.89%

Tromer 31.58% 29.65% 2.23% 0.93% 6.30% 1.66%

D. melanogaster
AUGUSTUS all 73.74% 77.11% 24.47% 39.36% 48.53% 44.03%

AUGUSTUS no RNA 64.97% 70.15% 16.60% 34.09% 33.18% 34.09%
Exonerate all 62.39% 77.96% 17.31% 28.01% 33.88% 28.01%

Exonerate high 60.48% 81.96% 16.34% 39.36% 32.63% 39.36%
mGene 70.73% 81.30% 22.00% 44.02% 43.99% 44.02%

mGene graph 62.54% 82.58% 19.34% 41.26% 38.43% 47.14%
mTim 35.55% 82.59% 8.90% 34.06% 17.66% 40.08%

NextGeneid 59.77% 76.11% 18.69% 38.84% 37.37% 38.84%
NextGeneidAS 61.43% 73.08% 19.20% 32.29% 37.92% 32.29%

NextGeneidAS ab-initio 61.44% 72.99% 19.24% 32.21% 37.99% 32.21%
Transomics all 73.62% 66.12% 23.48% 33.54% 46.95% 33.54%

Transomics high 73.56% 71.22% 23.48% 37.72% 46.93% 37.72%
Tromer 13.85% 18.64% 3.26% 2.81% 6.46% 5.75%

C. elegans
AUGUSTUS all 84.38% 72.19% 48.20% 36.02% 60.15% 38.76%

AUGUSTUS high 84.21% 79.22% 48.13% 42.44% 60.06% 45.98%
AUGUSTUS no RNA 78.94% 64.66% 36.28% 27.20% 45.52% 27.20%

Exonerate all 67.67% 82.06% 34.18% 32.66% 42.46% 32.66%
Exonerate high 66.55% 84.82% 32.55% 41.25% 40.84% 41.25%

mGene 83.62% 74.15% 45.48% 41.94% 57.05% 41.94%
mGene graph 72.62% 77.61% 45.02% 45.46% 56.38% 47.01%

mTim 45.34% 85.51% 20.24% 36.66% 25.24% 43.02%
NextGeneid 70.15% 81.18% 30.28% 39.80% 37.98% 39.80%

NextGeneidAS 69.78% 79.51% 30.39% 33.37% 37.96% 33.37%
NextGeneidAS ab-initio 69.78% 79.43% 30.39% 33.26% 37.97% 33.26%

Transomics all 86.37% 65.43% 48.30% 32.82% 60.56% 32.82%
Transomics high 86.10% 74.75% 48.28% 40.33% 60.54% 40.33%

Tromer 20.85% 26.55% 1.20% 0.51% 1.50% 1.11%
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Table B.4: Exon-, transcript-, and gene-level performance (fixed evaluation mode)

Exon Transcript Gene
Sensitivity Precision Sensitivity Precision Sensitivity Precision

H. sapiens
AUGUSTUS all 49.07% 64.29% 0.00% 0.00% 0.01% 0.01%

AUGUSTUS high 49.00% 69.85% 0.00% 0.01% 0.01% 0.01%
AUGUSTUS no RNA 41.27% 42.41% 0.00% 0.00% 0.00% 0.00%

Cufflinks 42.63% 62.90% 0.00% 0.00% 0.01% 0.00%
Exonerate all 43.32% 71.18% 0.00% 0.00% 0.01% 0.00%

Exonerate high 42.75% 75.85% 0.00% 0.01% 0.01% 0.01%
GSTRUCT 41.58% 79.67% 0.00% 0.00% 0.00% 0.00%

iReckon full 48.48% 68.40% 0.06% 0.06% 0.24% 0.06%
iReckon ends 50.26% 64.32% 0.05% 0.03% 0.18% 0.03%

mGene 47.14% 41.63% 0.00% 0.00% 0.01% 0.00%
mGene graph 46.52% 59.98% 0.00% 0.01% 0.02% 0.01%

mTim 38.28% 73.72% 0.00% 0.00% 0.01% 0.01%
NextGeneid 39.79% 73.26% 0.01% 0.12% 0.02% 0.12%

NextGeneidAS 38.94% 69.02% 0.00% 0.09% 0.02% 0.09%
NextGeneidAS ab-initio 38.97% 67.58% 0.00% 0.14% 0.02% 0.14%

Oases 36.00% 29.91% 0.00% 0.00% 0.01% 0.00%
SLIDE all 52.62% 79.66% 3.13% 4.75% 12.03% 18.18%

SLIDE high 38.56% 84.06% 3.82% 11.53% 14.75% 18.76%
Transomics all 48.52% 45.72% 0.05% 0.63% 0.19% 0.63%

Transomics high 48.01% 62.85% 0.05% 1.02% 0.19% 1.02%
Trembly all 43.14% 65.35% 0.01% 0.01% 0.02% 0.01%

Trembly high 38.76% 74.96% 0.00% 0.00% 0.01% 0.01%
Tromer 23.87% 21.04% 0.00% 0.00% 0.00% 0.00%
Velvet 36.28% 46.45% 0.00% 0.00% 0.00% 0.00%

Velvet + AUGUSTUS 22.57% 73.75% 0.00% 0.00% 0.00% 0.00%

D. melanogaster
AUGUSTUS all 45.45% 51.16% 0.01% 0.02% 0.03% 0.02%

AUGUSTUS no RNA 40.06% 47.22% 0.00% 0.01% 0.01% 0.01%
Cufflinks 39.06% 49.65% 0.00% 0.01% 0.01% 0.01%

Exonerate all 40.32% 51.70% 0.02% 0.03% 0.04% 0.03%
Exonerate high 39.52% 57.66% 0.02% 0.04% 0.03% 0.04%

GSTRUCT 33.34% 59.03% 0.00% 0.01% 0.01% 0.01%
iReckon full 61.82% 61.71% 0.03% 0.03% 0.05% 0.03%

iReckon ends 58.56% 59.42% 0.02% 0.02% 0.04% 0.02%
mGene 42.61% 55.60% 0.03% 0.05% 0.05% 0.05%

mGene graph 40.36% 54.37% 0.03% 0.05% 0.05% 0.05%
mTim 33.87% 55.67% 0.01% 0.02% 0.02% 0.03%

NextGeneid 37.49% 51.53% 0.01% 0.02% 0.03% 0.02%
NextGeneidAS 38.88% 47.37% 0.02% 0.02% 0.03% 0.02%

NextGeneidAS ab-initio 38.88% 47.33% 0.03% 0.03% 0.04% 0.03%
Oases 33.61% 28.54% 0.01% 0.01% 0.03% 0.01%

SLIDE all 84.78% 94.14% 44.19% 25.52% 76.99% 70.36%
SLIDE high 77.01% 95.78% 44.75% 50.81% 82.73% 75.38%

Transomics all 41.16% 44.40% 0.44% 0.65% 0.88% 0.65%
Transomics high 41.09% 47.77% 0.44% 0.73% 0.88% 0.73%

Tromer 10.46% 10.56% 0.00% 0.00% 0.00% 0.00%
Velvet 30.27% 32.91% 0.02% 0.02% 0.03% 0.02%

C. elegans
AUGUSTUS all 62.92% 53.19% 0.00% 0.00% 0.00% 0.00%

AUGUSTUS high 62.80% 58.34% 0.00% 0.00% 0.00% 0.00%
AUGUSTUS no RNA 59.53% 47.94% 0.00% 0.00% 0.00% 0.00%

Cufflinks 53.55% 59.41% 0.00% 0.00% 0.00% 0.00%
Exonerate all 53.51% 60.84% 0.00% 0.00% 0.00% 0.00%

Exonerate high 53.01% 63.98% 0.00% 0.00% 0.00% 0.00%
GSTRUCT 49.19% 64.98% 0.00% 0.00% 0.00% 0.00%

iReckon full 78.70% 71.81% 0.00% 0.00% 0.00% 0.00%
iReckon ends 71.85% 69.63% 0.00% 0.00% 0.00% 0.00%

mGene 62.93% 55.35% 0.00% 0.00% 0.00% 0.00%
mGene graph 56.22% 56.33% 0.00% 0.00% 0.00% 0.00%

mTim 52.80% 62.77% 0.00% 0.00% 0.00% 0.00%
NextGeneid 59.65% 67.18% 4.16% 5.03% 5.22% 5.03%

NextGeneidAS 59.67% 64.82% 4.58% 4.21% 5.66% 4.21%
NextGeneidAS ab-initio 59.74% 64.92% 4.63% 4.28% 5.73% 4.28%

Oases 45.33% 42.17% 0.00% 0.00% 0.00% 0.00%
SLIDE all 87.50% 97.24% 40.85% 12.66% 50.26% 43.98%

SLIDE high 81.65% 97.94% 56.51% 50.52% 70.19% 61.42%
Transomics all 88.87% 67.32% 54.36% 36.94% 68.16% 36.94%

Transomics high 88.45% 76.78% 54.35% 45.40% 68.14% 45.40%
Tromer 22.72% 19.22% 0.00% 0.00% 0.00% 0.00%
Velvet 45.87% 50.48% 0.00% 0.00% 0.00% 0.00%

Velvet + AUGUSTUS 58.49% 67.24% 0.00% 0.00% 0.00% 0.00%
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Table B.5: Exon-, transcript-, and gene-level performance (flexible evaluation mode)

Exon Transcript Gene
Sensitivity Precision Sensitivity Precision Sensitivity Precision

H. sapiens
AUGUSTUS all 81.16% 77.47% 16.27% 39.26% 56.16% 42.71%

AUGUSTUS high 81.05% 84.15% 16.27% 44.41% 56.16% 49.78%
AUGUSTUS no RNA 65.55% 50.73% 3.52% 8.03% 13.38% 8.03%

Cufflinks 73.45% 79.57% 16.03% 19.29% 53.55% 20.36%
Exonerate all 74.59% 88.34% 17.22% 28.60% 55.53% 28.60%

Exonerate high 72.72% 92.46% 13.23% 41.92% 50.28% 41.92%
GSTRUCT 70.63% 96.42% 14.10% 59.85% 54.02% 59.85%

iReckon full 67.78% 83.05% 31.80% 38.87% 73.63% 38.87%
iReckon ends 73.24% 83.26% 27.78% 35.77% 71.61% 35.77%

mGene 78.40% 50.96% 10.83% 8.98% 41.35% 9.00%
mGene graph 77.27% 73.14% 14.90% 14.89% 48.17% 21.42%

mTim 64.86% 90.42% 10.14% 22.66% 35.78% 36.95%
NextGeneid 67.36% 89.58% 11.30% 36.99% 43.27% 36.99%

NextGeneidAS 66.65% 87.32% 11.96% 27.73% 42.73% 27.73%
NextGeneidAS ab-initio 66.68% 85.56% 11.94% 26.60% 42.63% 26.60%

Oases 62.02% 40.55% 10.04% 5.11% 34.05% 4.74%
SLIDE all 72.58% 84.10% 8.78% 12.68% 29.08% 34.60%

SLIDE high 54.75% 88.22% 8.65% 22.66% 31.09% 31.62%
Transomics all 76.84% 54.35% 8.41% 13.28% 32.16% 13.28%

Transomics high 76.14% 74.64% 8.41% 21.74% 32.16% 21.74%
Trembly all 75.45% 83.44% 21.82% 22.73% 60.53% 38.37%

Trembly high 64.30% 90.24% 12.84% 30.28% 43.60% 41.80%
Tromer 49.02% 37.22% 4.27% 3.70% 13.92% 6.48%
Velvet 62.05% 59.56% 5.57% 6.81% 21.35% 7.26%

Velvet + AUGUSTUS 38.97% 90.68% 7.17% 45.22% 27.44% 45.35%

D. melanogaster
AUGUSTUS all 82.61% 86.03% 42.66% 61.14% 73.03% 65.92%

AUGUSTUS no RNA 71.12% 77.83% 23.30% 42.22% 41.21% 42.22%
Cufflinks 71.73% 83.70% 36.18% 46.32% 56.37% 50.06%

Exonerate all 73.32% 86.35% 38.51% 51.44% 58.83% 51.44%
Exonerate high 69.54% 92.50% 30.98% 66.02% 54.54% 66.02%

GSTRUCT 59.66% 95.60% 28.21% 76.77% 49.10% 76.77%
iReckon full 85.85% 82.43% 65.22% 57.94% 89.07% 57.94%

iReckon ends 82.93% 80.44% 57.05% 51.13% 83.09% 51.13%
mGene 75.49% 91.06% 38.02% 67.02% 67.17% 67.05%

mGene graph 73.03% 90.92% 40.00% 64.82% 67.78% 70.56%
mTim 62.35% 90.40% 20.59% 40.70% 34.09% 53.27%

NextGeneid 70.53% 89.19% 36.30% 62.23% 64.27% 62.23%
NextGeneidAS 73.97% 83.76% 40.05% 49.64% 66.30% 49.64%

NextGeneidAS ab-initio 73.95% 83.66% 40.05% 49.61% 66.25% 49.61%
Oases 64.31% 51.05% 33.99% 18.61% 55.47% 25.39%

SLIDE all 89.08% 95.36% 52.80% 31.26% 82.02% 74.88%
SLIDE high 82.31% 96.83% 53.22% 58.60% 88.50% 80.58%

Transomics all 73.74% 74.03% 35.11% 44.78% 62.71% 44.78%
Transomics high 73.63% 79.67% 35.11% 50.38% 62.69% 50.38%

Tromer 29.15% 27.41% 9.37% 4.79% 15.69% 10.47%
Velvet 58.59% 58.75% 24.09% 22.63% 42.39% 24.81%

C. elegans
AUGUSTUS all 91.76% 76.26% 59.28% 44.09% 72.35% 46.62%

AUGUSTUS high 91.48% 83.55% 59.21% 51.96% 72.26% 55.33%
AUGUSTUS no RNA 86.51% 68.56% 42.25% 31.53% 52.77% 31.53%

Cufflinks 78.38% 84.84% 39.75% 37.53% 48.04% 42.88%
Exonerate all 76.99% 85.55% 43.82% 40.02% 52.90% 40.02%

Exonerate high 75.75% 89.27% 39.98% 50.42% 49.83% 50.42%
GSTRUCT 71.48% 91.85% 39.03% 59.92% 48.72% 59.92%

iReckon full 94.09% 84.88% 78.10% 52.98% 89.87% 52.98%
iReckon ends 87.39% 83.71% 68.45% 44.85% 79.25% 44.85%

mGene 90.99% 78.64% 55.27% 50.73% 69.01% 50.73%
mGene graph 83.26% 81.96% 55.78% 54.68% 68.88% 56.18%

mTim 77.16% 88.48% 31.86% 37.72% 38.96% 46.54%
NextGeneid 78.45% 86.60% 37.04% 44.55% 46.19% 44.55%

NextGeneidAS 77.91% 82.80% 38.45% 35.17% 46.71% 35.17%
NextGeneidAS ab-initio 77.85% 82.76% 38.45% 35.41% 46.71% 35.41%

Oases 66.77% 61.04% 32.98% 17.39% 39.70% 22.24%
SLIDE all 88.52% 97.34% 42.85% 13.34% 51.92% 45.44%

SLIDE high 82.97% 98.04% 58.13% 51.78% 71.61% 62.66%
Transomics all 93.90% 69.92% 58.10% 39.32% 72.52% 39.32%

Transomics high 93.43% 79.73% 58.08% 48.32% 72.50% 48.32%
Tromer 39.43% 32.92% 7.24% 1.96% 8.97% 4.96%
Velvet 67.44% 72.86% 31.77% 27.15% 39.54% 28.09%

Velvet + AUGUSTUS 61.49% 69.46% 0.00% 0.00% 0.00% 0.00%
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Table B.6: NanoString probes. Genes and their transcript isoforms targeted by NanoString probes.

Probe ID Targeted trancripts (Ensembl IDs) Probe sequence

adar1 sp1 ENST00000292205, ENST00000494866,

ENST00000368471

ACTGGCAGTCTCCGGGTGTCCGGCCGTGTCCCGAGGAAGT-

GCAAGACCCGGGGTATTCCCTCAGCGGATACTACACCCAT-

CCATTTCAAGGCTATGAGCA

adar1 sp2 ENST00000368474 CGGCGGGTCGGGCCGGGCAATGCCTCGCGGGCGCAATGAA-

TCCGCGGCAGGGGTATTCCCTCAGCGGATACTACACCCAT-

CCATTTCAAGGCTATGAGCA

atf2 common ENST00000264110, ENST00000345739,

ENST00000392543, ENST00000392544,

ENST00000409499, ENST00000409833,

ENST00000413123, ENST00000415955,

ENST00000417080, ENST00000421438,

ENST00000426833, ENST00000428760,

ENST00000429579, ENST00000435231,

ENST00000437522, ENST00000445349,

ENST00000456655, ENST00000487334,

ENST00000538946, ENST00000542046,

ENST00000409635

GGTACTAGATGGAAACTTGAGAAAGGACTGCTTATTGATA-

ACAGCTAAGGTATTCCTGGAAGCAGAGTAAATAAAGCTCA-

TGGCCCACCAGCTAGAAAG

atf2 sp1 ENST00000345739, ENST00000437522,

ENST00000435231, ENST00000415955,

ENST00000409635, ENST00000456655

ATATGAGTGATGACAAACCCTTTCTATGTACTGCGCCTGG-

ATGTGGCCAGATCAGACCCCAACACCAACAAGATTCTTGA-

AAAACTGTGAAGAAGTGGGT

atf2 sp2 ENST00000429579, ENST00000538946,

ENST00000428760, ENST00000417080,

ENST00000421438, ENST00000409437,

ENST00000392544, ENST00000264110,

ENST00000435004, ENST00000542046,

ENST00000426833, ENST00000409833,

ENST00000487334

ATATGAGTGATGACAAACCCTTTCTATGTACTGCGCCTGG-

ATGTGGCCAGCGTTTTACCAACGAGGATCATTTGGCTGTC-

CATAAACATAAACATGAGAT

ATP5J common ENST00000284971, ENST00000400087,

ENST00000400090, ENST00000400093,

ENST00000400094, ENST00000457143,

ENST00000486002, ENST00000400099

CAGAGTATCAGCAAGAGCTGGAGAGGGAGCTTTTTAAGCT-

CAAGCAAATGTTTGGTAATGCAGACATGAATACATTTCCC-

ACCTTCAAATTTGAA

Bcl11a sp1 ENST00000335712, ENST00000356842,

ENST00000359629, ENST00000489516

TTTATCAACGTCATCTAGAGGAATTTGCCCCAAACAGGAA-

CACATAGCAGATAAACTTCTGCACTGGAGGGGCCTCTCCT-

CCCCTCGTTCTGCACATGGA

Bcl11a sp2 ENST00000409351 TATCAACGTCATCTAGAGGAATTTGCCCCAAACAGGAACA-

CATAGCAGCTCAGACTGAACTGGAGGATGTATTTGTGTAC

CTTATGGTGT

BCL3 ENST00000164227, ENST00000403534 CGGAGCCTTACTGCCTTTGTACCCCACTCGGGCCATGGGC-

TCCCCGTTTCCTCTGGTGAACCTGCCTACACCCCTATACC-

CCATGATGTGCCCCATGGAA

BHLHB2 ENST00000256495 AAAAGCTTCAAAGTCTTGGTCTGTGAGTCACTCTTCAGTT-

TGGGAGCTGGGTCTGTGGCTTTGATCAGAAGGTACTTTCA-

AAAGAGGGCTTTCCAGGGCT

Continued on next page
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Table B.6 – continued from previous page

Probe ID Targeted trancripts (Ensembl IDs) Probe sequence

Blnk sp1 T ENST00000371176 TGAAAACTATATTCATCCCACAGAAAGCAGTTCACCTCCA-

CCTGAAAAAGGTCGAAACAGTGGGGCCTGGGAAACCAAGT-

CACCTCCACCAGCTGCACCA

Blnk sp2 ENST00000413476, ENST00000224337,

ENST00000427367, ENST00000467799

TGAAAACTATATTCATCCCACAGAAAGCAGTTCACCTCCA-

CCTGAAAAAGCTCCCATGGTGAATAGATCAACCAAGCCAA-

ATTCCTCAACGCCCGCCTCT

CARM1 sp1 T ENST00000592516, ENST00000344150 TGTTATTGCCAGTGGCTCCAGCGTGGGCCACAACAACCTG-

ATTCCTTTAGGGTCCTCCGGCGCCCAGGGCAGTGGTGGTG-

GCAGCACGAGTGCCCACTAT

CD19 ENST00000324662, ENST00000538922,

ENST00000565089, ENST00000567541

GAAGGTCTCAGCTGTGACTTTGGCTTATCTGATCTTCTGC-

CTGTGTTCCCTTGTGGGCATTCTTCATCTTCAAAGAGCCC-

TGGTCCTGAGGAGGAAAAGA

Cd79b sp1 T ENST00000349817 TGAGCCAGTACCAGCAGCCAGATCGGAGGACCGGTACCGG-

AATCCCAAAGGATTCAGCACCTTGGCACAGCTGAAGCAGA-

GGAACACGCTGAAGGATGGT

Cd79b sp2 T ENST00000559358, ENST00000006750,

ENST00000392795

CAACACCTCGGAGGTCTACCAGGGCTGCGGCACAGAGCTG-

CGAGTCATGGGATTCAGCACCTTGGCACAGCTGAAGCAGA-

GGAACACGCTGAAGGATGGT

cdkn1a sp1 T ENST00000244741 GAGCCGGAGCTGGGCGCGGATTCGCCGAGGCACCGAGGCA-

CTCAGAGGAGGCGCCATGTCAGAACCGGCTGGGGATGTCC-

GTCAGAACCCATGCGGCAGC

cdkn1a sp2 T ENST00000405375, ENST00000478800 GGATGCGTGTTCGCGGGTGTGTGCTGCGTTCACAGGTGTT-

TCTGCGGCAGGCGCCATGTCAGAACCGGCTGGGGATGTCC-

GTCAGAACCCATGCGGCAGC

CEBPA ENST00000425420, ENST00000498907 CTAGTATTTAGGATAACCTTGTGCCTTGGAAATGCAAACT-

CACCGCTCCAATGCCTACTGAGTAGGGGGAGCAAATCGTG-

CCTTGTCATTTTATTTGGAG

CTCF common ENST00000264010, ENST00000401394 CCCAACGGAGACCTCACGCCCGAGATGATCCTCAGCATGA-

TGGACCGGTGATGGCGGAGCCTTGTGCGTCGCCAGGACTT-

CTCTGGGCTGTGTTTAAACG

CTCF sp1 ENST00000566078, ENST00000264010 GAGCTGGGTTCTATTTTCCCTCCTCAAACTGACTTTGCA-

GCCACGGAGAGGCAGGGGAAATGGAAGGTGATGCAGTCGA-

AGCCATTGTGGAGGAGTCCGA

CTCFL sp1 ENST00000433949, ENST00000243914,

ENST00000539382, ENST00000371196,

ENST00000426658, ENST00000423479,

ENST00000422869, ENST00000502686

TGCCAGCAGAGATACCTACAAGCTGAAACGCCACATGAGA-

ACGCACTCAGGTGAGAAGCCTTACGAATGCCACATCTGCC-

ACACCCGCTTCACCCAGAGC

CTCFL sp2 ENST00000429804 TGCCAGCAGAGATACCTACAAGCTGAAACGCCACATGAGA-

ACGCACTCAGGTGTGCATATGCGCAACTTGCATGCTTACA-

GCGCTGCAGAGCTGAAATGC

CTDSL sp2 T ENST00000273179, ENST00000443503,

ENST00000486978

GCCCCAGTGTGCTTCCGCCACTGGTGGAGGAGAATGGTGG-

GCTTCAGAAGGGTGACCAGAGGCAGGTCATTCCCATACCA-

AGTCCACCAGCTAAGTACCT
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Probe ID Targeted trancripts (Ensembl IDs) Probe sequence

CTDSP1 common T ENST00000273062, ENST00000428361,

ENST00000443891, ENST00000452977,

ENST00000464255, ENST00000473420,

ENST00000482272, ENST00000488627,

ENST00000491064, ENST00000497677,

ENST00000498160

AGCTGACCTGCTGGACAAATGGGGGGCCTTCCGGGCCCGG-

CTGTTTCGAGAGTCCTGCGTCTTCCACCGGGGGAACTACG-

TGAAGGACCTGAGCCGGTT

CTDSP2 ENST00000398073 CCTGTCCTGTACCGAGCTCTGTCTGTTCCAGCCTTCATCC-

TTCCTGGCTGTTGCTTTTCCTCTTAAGGGCCTCAGAACTC-

TTGCTCTTCCTGGGCTGAGG

CTDSPL sp1 ENST00000443503 GCCCCAGTGTGCTTCCGCCACTGGTGGAGGAGAATGGTGG-

GCTTCAGAAGCCACCAGCTAAGTACCTTCTTCCAGAGGTG-

ACGGTGCTTGACTATGGAAA

DES ENST00000492726, ENST00000477226,

ENST00000373960

GAGAACAATTTGGCTGCCTTCCGAGCGGACGTGGATGCAG-

CTACTCTAGCTCGCATTGACCTGGAGCGCAGAATTGAATC-

TCTCAACGAGGAGATCGCGT

DNMT1 common T ENST00000340748, ENST00000359526,

ENST00000540357, ENST00000586588,

ENST00000587197, ENST00000588913,

ENST00000589294, ENST00000592705

CCTTTCCGGACCATCACGGTGCGAGACACGATGTCCGACC-

TGCCGGAGGTGCGGAATGGAGCCTCGGCACTGGAGATCTC-

CTACAACGGGGAGCCTCAGT

E2F4 ENST00000379378, ENST00000567007 GTCAGAAATCTTTGATCCCACACGAGAGTGCATGAGCTCG-

GAGCTGCTGGAGGAGTTGATGTCCTCAGAAGTGTTTGCCC-

CTCTGCTTCGTCTTTCTCCA

E2F6 common ENST00000307236, ENST00000362009,

ENST00000381525, ENST00000421117,

ENST00000428221, ENST00000437573,

ENST00000444832, ENST00000455198,

ENST00000468775, ENST00000542100,

ENST00000546212

AGGTTGCAACGAAACTGGGAGTCCGAAAGCGGAGAGTGTA-

TGACATCACCAATGTCTTAGATGGAATCGACCTCGTTGAA-

AAGAAATCCAAGAACCATAT

ebf1 sp1 ENST00000519890, ENST00000380654,

ENST00000518836, ENST00000519739,

ENST00000313708, ENST00000522192

TGGACAACTGGCCGTGAATGTCTCCGAGGCATCACAAGCC-

ACCAATCAGGGTTTCACCCGCAACTCAAGCAGCGTATCA-

CCACACGGGTACGTGCCGAGC

EGR1 ENST00000239938 CTTCAATGCTAGAAAATCGAGTTGGCAAAATGGGGTTTGG-

GCCCCTCAGAGCCCTGCCCTGCACCCTTGTACAGTGTCTG-

TGCCATGGATTTCGTTTTTC

EOMES common ENST00000295743, ENST00000449599,

ENST00000537516

CAACAAACTAGACATCAGTTCCTATGAATCTGAATATACT-

TCTAGCACATTGCTCCCATATGGCATTAAATCCTTGCCCC-

TTCAGACATCCCATGCCCTG

EP300 ENST00000263253 ACAAATATCCCTTTGGCTCCGTCCAGCGGTCAAGCTCCAG-

TGTCTCAAGCACAAATGTCTAGTTCTTCCTGCCCGGTGAA-

CTCTCCTATAATGCCTCCAG

esr1 common ENST00000206249, ENST00000338799,

ENST00000406599, ENST00000427531,

ENST00000440973, ENST00000443427,

ENST00000456483, ENST00000544394

GTAGAGGGCATGGTGGAGATCTTCGACATGCTGCTGGCTA-

CATCATCTCGGTTCCGCATGATGAATCTGCAGGGAGAGGA-

GTTTGTGTGCCTCAAATCTA
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esr2 sp1 ENST00000353772, ENST00000554572,

ENST00000344288, ENST00000358599

ATGCGCCTGGCTAACCTCCTGATGCTCCTGTCCCACGTCA-

GGCATGCGAGGGCAGAAAAGGCCTCTCAAACACTCACCTC-

ATTTGGAATGAAGATGGAGA

esr2 sp2 ENST00000554520, ENST00000341099,

ENST00000267525, ENST00000555483

ATGCGCCTGGCTAACCTCCTGATGCTCCTGTCCCACGTCA-

GGCATGCGAGTAACAAGGGCATGGAACATCTGCTCAACAT-

GAAGTGCAAAAATGTGGTCC

ets1 common ENST00000319397, ENST00000345075,

ENST00000526145, ENST00000530924,

ENST00000531611, ENST00000535549,

ENST00000392668

CAGGAGATGGGGAAAGAGGAAAAACAAACCTAAGATGAAT-

TATGAGAAACTGAGCCGTGGCCTACGCTACTATTACGACA-

AAAACATCATCCACAAGACA

FBXO15 ENST00000269500, ENST00000581214,

ENST00000419743, ENST00000585174,

ENST00000583443

CTAGCTGACATTCTCAAACCTGTCAACCCTTACACAGGCC-

TTCCAGTTAAGACCAAAGAGGCCCTCAGAATATTTGGTTT-

AGGTTGGGCAATTATACTGA

FOS ENST00000303562 TCAAGTCCTTACCTCTTCCGGAGATGTAGCAAAACGCATG-

GAGTGTGTATTGTTCCCAGTGACACTTCAGAGAGCTGGTA-

GTTAGTAGCATGTTGAGCCA

foxa2 body ENST00000319993, ENST00000377115,

ENST00000419308

CGTTCCGTCCCAAACAGAGGGCCACACAGATACCCCACGT-

TCTATATAAGGAGGAAAACGGGAAAGAATATAAAGTTAAA-

AAAAAGCCTCCGGTTTCCAC

foxa2 sp2 T ENST00000377115 CGGGTCCCTGGCGGCCGGTGTCTGAGGAGTCGGAGAGCCG-

AGGCGGCCAGACCGTGCGCCCCGCGCTTCTCCCGAGGCCG-

TTCCGGGTCTGAACTGTAAC

FOXA3 ENST00000302177 CCCCGTGTTGGCCATGTCGTCACCATTCTCTCTGGCATGG-

GTTGGGTAGGGGATGGAGGTGAGAATACTCCTTGGTTTTC-

TCTGAAGCCCACCCTTTCCC

gabpa sp1 T ENST00000354828 CCGGACGGGTCTAGGTGAGACAGAAGCCAAACAGGAGGAG-

GAAGTGGAGGGACTGATCCTTTGAAATACTCCAGCCATGA-

CTAAAAGAGAAGCAGAGGAG

gabpa sp2 T ENST00000400075 CAGCCGGCTCTGGAGTGCGGGCGGGGGCGACAGGGCCGAT-

TCCGGAGTGGGACTGATCCTTTGAAATACTCCAGCCATGA-

CTAAAAGAGAAGCAGAGGAG

GATA1 T ENST00000376665, ENST00000376670 GTGTCCCACCCGCGAGGACTCTCCTCCCCAGGCCGTGGAA-

GATCTGGATGGAAAAGGCAGCACCAGCTTCCTGGAGACTT-

TGAAGACAGAGCGGCTGAGC

HDAC1 ENST00000373548, ENST00000476391 CTGTTTTCGTACCTTCCCACTGGCCTCAAGTGAGCCAAGA-

AACACTGCCTGCCCTCTGTCTGTCTTCTCCTAATTCTGCA-

GGTGGAGGTTGCTAGTCTAG

HDAC3 sp1 ENST00000305264, ENST00000495485,

ENST00000523353

CATTGACCCATAGCCTGGTCCTGCATTACGGTCTCTATAA-

GAAGATGATCGTCTTCAAGCCATACCAGGCCTCCCAACAT-

GACATGTGCCGCTTCCACTC

HDAC4 ENST00000345617 TGTCAGCTCACTCCAGCTTCACAAATGTGCTGAGAGCATT-

ACTGTGTAGCCTTTTCTTTGAAGACACACTCGGCTCTTCT-

CCACAGCAAGCGTCCAGGGC

HDAC5 ENST00000225983, ENST00000336057,

ENST00000393622

CAGGGGAGGATCTGGAGGATCCACTACTGTCTTTAAGATG-

CAGAGTGGAGGGGAGGTGGGCACCCACCCTGCGATTCTCC-

ACCCTTTCCCCTTCTTTCGT
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Hif1a common ENST00000323441, ENST00000337138,

ENST00000394997, ENST00000555014,

ENST00000539097, ENST00000557538

TCCAGCAGACTCAAATACAAGAACCTACTGCTAATGCCAC-

CACTACCACTGCCACCACTGATGAATTAAAAACAGTGACA-

AAAGACCGTATGGAAGACAT

HNF1A ENST00000257555, ENST00000400024,

ENST00000402929, ENST00000538646,

ENST00000540108, ENST00000541395,

ENST00000541924, ENST00000543427,

ENST00000544413

GTGCGCTATGGACAGCCTGCGACCAGTGAGACTGCAGAAG-

TACCCTCAAGCAGCGGCGGTCCCTTAGTGACAGTGTCTAC-

ACCCCTCCACCAAGTGTCCC

HNF1B ENST00000561193, ENST00000225893 GTTTCCATCTGCAATGGTGGTCACAGATACCAGCAGCATC-

AGTACACTCACCAACATGTCTTCAAGTAAACAGTGTCCTC-

TACAAGCCTGGTGATGCCCA

Hnf4g common T ENST00000396423 AGAAAATAGTTATCCATTGACTAGAAATTAGTACATGCCC-

ACAGCTGGCTCCCACGGTAGCCAGGAGAATTATCTATAGG-

TGGAAAGTCTGTGTCAGCCA

HSF1 ENST00000400780, ENST00000528838,

ENST00000528988, ENST00000533240

TGTTCGACCAGGGCCAGTTTGCCAAGGAGGTGCTGCCCAA-

GTACTTCAAGCACAACAACATGGCCAGCTTCGTGCGGCAG-

CTCAACATGTATGGCTTCCG

IGF1R common T ENST00000268035, ENST00000558762 GCGATTGCTGGGTGTGGTGTCCCAAGGCCAGCCAACACTG-

GTCATCATGGAACTGATGACACGGGGCGATCTCAAAAGTT-

ATCTCCGGTCTCTGAGGCCA

IKZF1 common ENST00000331340, ENST00000343574,

ENST00000346667, ENST00000349824,

ENST00000357364, ENST00000359197,

ENST00000438033, ENST00000439701,

ENST00000440768, ENST00000471793

CCTGCTGCGCGCCGCCTCCGAGAACTCGCAGGACGCGCTC-

CGCGTGGTCAGCACCAGCGGGGAGCAGATGAAGGTGTACA-

AGTGCGAACACTGCCGGGTG

IKZF1 sp1 T ENST00000357364, ENST00000331340,

ENST00000343574, ENST00000413698,

ENST00000346667, ENST00000349824,

ENST00000440768, ENST00000359197

CGAGGATCAGTCTTGGCCCCAAAGCGCGACGCACAAATCC-

ACATAACCTGAGGACCATGGATGCTGATGAGGGTCAAGAC-

ATGTCCCAAGTT

IKZF1 sp2 ENST00000438033, ENST00000492782,

ENST00000462201, ENST00000439701

GTGTGGAAAAGGCAGCTCTCACTTGGCCTTGGCGAGGCCT-

CGGTTGGTTGATAACCTGAGGACCATGGATGCTGATGAGG-

GTCAAGACATGTCCCAAGTT

IKZF3 sp1 T ENST00000377958, ENST00000377944,

ENST00000346872, ENST00000535189,

ENST00000467757

CAAGGAGCGCTGCCGTACATTTCTTCAGAGCACTGACCCA-

GGGGACACTGCAAGTGCGGAGGCAAGACACATCAAAGCAG-

AGATGGGAAGTGAAAGAGCT

IKZF3 sp2 ENST00000583368, ENST00000293068,

ENST00000348427

TCACTGACCACAGCAGGTACCCCAGGCAAGAATCTGAGCA-

GTTATAACAGCAAGTGCGGAGGCAAGACACATCAAAGCAG-

AGATGGGAAGTGAAAGAGCT

IL6 ENST00000258743, ENST00000401630,

ENST00000404625, ENST00000407492,

ENST00000485300

GCTCTTCGGCAAATGTAGCATGGGCACCTCAGATTGTTGT-

TGTTAATGGGCATTCCTTCTTCTGGTCAGAAACCTGTCCA-

CTGGGCACAGAACTTATGTT

IL6receptor common ENST00000344086, ENST00000368485 TCCAATATTCGCTGTGTCAGCATAGAAGTAACTTACTTAG-

GTGTGGGGGAAGCACCATAACTTTGTTTAGCCCAAAACCA-

AGTCAAGTGAAAAAGGAGGA

Continued on next page

188



Appendix B

Table B.6 – continued from previous page

Probe ID Targeted trancripts (Ensembl IDs) Probe sequence

IL8 ENST00000307407, ENST00000483500,

ENST00000401931

GGAAGGAACCATCTCACTGTGTGTAAACATGACTTCCAAG-

CTGGCCGTGGCTCTCTTGGCAGCCTTCCTGATTTCTGCAG-

CTCTGTGTGAAGGTGCAGTT

IL8RA ENST00000295683 GTCCATTGGGCAGGCAGATGTTCCTAATAAAGCTTCTGTT-

CCGTGCTTGTCCCTGTGGAAGTATCTTGGTTGTGACAGAG-

TCAAGGGTGTGTGCAGCATT

IL8RB ENST00000318507 GATAGACAAATCTCCACCTTCAGACTGGTAGGCTCCTCCA-

GAAGCCATCAGACAGGAAGATGTGAAAATCCCCAGCACTC-

ATCCCAGAATCACTAAGTGG

IRF8 ENST00000268638, ENST00000566369 CCCTCTGTCTGGGGTGGGATGCCTTACTTTGCACTTAATT-

TAATAAGGGCATTCTCGGAGGAGTAGACGTTTAATACGAA-

GTGGCGGCATAGCCCTGCCG

JUND ENST00000252818 TGCTACGAGTCCACATTCCTGTTTGTAATCCTTGGTTCGC-

CCGGTTTTCTGTTTTCAGTAAAGTCTCGTTACGCCAGCTC-

GGCAAAAAAAAAAAAAAAAA

KAISO sp1 T ENST00000326624 CCAGCCTTCCGCGCGTCCGGAGGAGGAGAAGCGGCGGCGC-

CGGGAAGCAGGCATGGAGAGTAGAAAACTGATTTCTGCTA-

CAGACATTCAGTACTCTGGC

KAP1 common T ENST00000253024, ENST00000341753 CAGGCCGAGTGCAAACAGGGCAGCAGGCGGGGCTCCCTCT-

CGGGTCGCAGGCGCTCTCTGCACACGCCGCAGTGCTCCAG-

CAGCTCCAGCGCCTCGGCGC

KLF4 ENST00000374672, ENST00000493306,

ENST00000497048

CCGAGCATTTTCCAGGTCGGACCACCTCGCCTTACACATG-

AAGAGGCATTTTTAAATCCCAGACAGTGGATATGACCCAC-

ACTGCCAGAAGAGAATTCAG

LEF1 sp1 ENST00000509428, ENST00000438313,

ENST00000505379, ENST00000510624,

ENST00000504775, ENST00000510135,

ENST00000379951

TATCCCTTGTCTCCGGGTGGTGTTGGACAGATCACCCCAC-

CTCTTGGCTGGTTTTCCCATCATATGATTCCCGGTCCTCC-

TGGTCCCCACACAACTGGCA

LEF1 sp2 ENST00000265165, ENST00000506680,

ENST00000510717, ENST00000504950,

ENST00000515500

TCCCTTGTCTCCGGGTGGTGTTGGACAGATCACCCCACCT-

CTTGGCTGGCAAGGTCAGCCTGTATATCCCATCACGGGTG-

GATTCAGGCAACCCTACC

LIN28 common ENST00000254231, ENST00000326279 GTCTGGAATCCATCCGTGTCACCGGACCTGGTGGAGTATT-

CTGTATTGGGAGTGAGAGGCGGCCAAAAGGAAAGAGCATG-

CAGAAGCGCAGATCAAAAGG

MAX sp1 ENST00000556443, ENST00000358664,

ENST00000358402, ENST00000553928,

ENST00000555667, ENST00000394606,

ENST00000284165, ENST00000553951,

ENST00000556979, ENST00000556892,

ENST00000557746, ENST00000557277

ACAGCTTTCACAGTTTGCGGGACTCAGTCCCATCACTCCA-

AGGAGAGAAGGCATCCCGGGCCCAAATCCTAGACAAAGCC-

ACAGAATATATCCAGTATAT

mef2a common T ENST00000354410, ENST00000449277,

ENST00000557785, ENST00000557942,

ENST00000558812, ENST00000561125,

ENST00000338042, ENST00000453228

CCCGCAGCCCCAGCCCCGACAGGAAATGGGGCGCTCCCCT-

GTGGACAGTCTGAGCAGCTCTAGTAGCTCCTATGATGGCA-

GTGATCGGGAGGATCCACGG
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mef2a sp3 ENST00000558812, ENST00000557785,

ENST00000449277, ENST00000557942,

ENST00000453228, ENST00000338042

GATTCAGCAAACTAAATGAAGATAGTGATTTTATTTTCAA-

ACGAGGCCCTCCTGGTCTGCCACCTCAGAACTTTTCAATG-

TCTGTCACAGTTCCAGTGAC

mef2a sp4 ENST00000354410 AAAAAATTAATGAGGAATTTGATAATATGATGCGGAATCA-

TAAAATCGCACCTGGTCTGCCACCTCAGAACTTTTCAATG-

TCTGTCACAGTTCCAGTGAC

mef2b sp10 T ENST00000477565 CCCCACTGCCACTCCCAGCTGCAAGGACCGTCTCTCAGCT-

GCGCTGGGAACCGCTGCTTCTCGCTTATTAGAAAACTGTC-

TCTTTCCTTTTGTCCTGGT

mef2b sp11 T ENST00000585679, ENST00000514819,

ENST00000462498, ENST00000444486

GTCGCTATGGAGGAGCCGGAGATGCAGCTCAAGGGGAAGA-

AAGCGCCGTGAAGAACCTGGTGGACAGCAGCGTCTACTTC-

CGCAGCGTGGAGG

mef2b sp12 ENST00000591398, ENST00000162023,

ENST00000494489, ENST00000462790,

ENST00000588208, ENST00000488252,

ENST00000354191, ENST00000477565

TGGGAGGAGCAGAGCCAGGGAGCCATCTACACTGTGGAGT-

ACGCCTGCAGCGCCGTGAAGAACCTGGTGGACAGCAGCGT-

CTACTTCCGCAGCGTGGAGG

mef2b sp7 T ENST00000410050, ENST00000424583,

ENST00000409224

CAGCCGCCGCGGGTCCGTGCGCCCAGCGTCCCAGGGCCCA-

GGCCGAGCAGACAAAGATCATTCCACTCAGCCTGGGACGA-

TGGGGAGGAAAAAAATCCAG

mef2c sp1 ENST00000508569, ENST00000514015,

ENST00000510942, ENST00000514028,

ENST00000437473, ENST00000504921,

ENST00000503554, ENST00000506554

GGAAAATTAACGAAGATATTGATCTAATGATCAGCAGGCA-

AAGATTGTGTGCTGTTCCACCTCCCAACTTCGAGATGCCA-

GTCTCCATCCCAGTGTCCAG

mef2c sp3 ENST00000424173, ENST00000340208 GAAGTAAAGAACGGAAGGCAAATGATTGTGGCAGTAAAGA-

AGTGTATGTGCAGGAACGAATGCAGGAATTTGGGAACTGA-

GCTGTGCAAGTGCTGAAGAA

mef2c sp4 ENST00000514015, ENST00000510942,

ENST00000514028, ENST00000504921,

ENST00000513252, ENST00000506554

TTAAGAAAGGAAAATATCCCAAGGACTAATCTGATCGGGT-

CTTCCTTCATCAGGAACGAATGCAGGAATTTGGGAACTGA-

GCTGTGCAAGTGCTGAAGAA

mef2d sp4 ENST00000454816, ENST00000360595,

ENST00000368240

CCTGCGAGTCATCACTTCCCAGGCAGGAAAGGGGTTAATG-

CATCACTTGACTGAGGACCATTTAGATCTGAACAATGCCC-

AGCGCCTTGGGGTCTCCCA

MYC ENST00000377970, ENST00000524013 AGGAGCAAAAGCTCATTTCTGAAGAGGACTTGTTGCGGAA-

ACGACGAGAACAGTTGAAACACAAACTTGAACAGCTACGG-

AACTCTTGTGCGTAAGGAAA

MYF5 ENST00000228644 TGGATTGCTTATCCAACATAGTGGACCGGATCACCTCCTC-

AGAGCAACCTGGGTTGCCTCTCCAGGATCTGGCTTCTCTC-

TCTCCAGTTGCCAGCACCGA

MYF6 ENST00000228641 GGAGGAGCAAGTATTGATTCGTCAGCCTCGAGTAGCCTTC-

GATGCCTTTCTTCCATCGTGGACAGTATTTCCTCGGAGGA-

ACGCAAACTCCCCTGCGTGG

MYOD1 ENST00000250003 GCATGGTGTGTGGTGCTACAGGGAATTTGTACGTTTATAC-

CGCAGGCGGGCGAGCCGCGGGCGCTCGCTCAGGTGATCAA-

AATAAAGGCGCTAATTTATA

Continued on next page

190



Appendix B

Table B.6 – continued from previous page

Probe ID Targeted trancripts (Ensembl IDs) Probe sequence

NANOG ENST00000229307, ENST00000526286,

ENST00000526434, ENST00000541267

CTTCACCTATGCCTGTGATTTGTGGGCCTGAAGAAAACTA-

TCCATCCTTGCAAATGTCTTCTGCTGAGATGCCTCACACG-

GAGACTGTCTCTCCTCTTCC

ncor2 sp1 T ENST00000404621, ENST00000429285,

ENST00000397355, ENST00000404121,

ENST00000448614

GGCGTCGGGCGTGAGCGGAAATGAGGAGGAGATGGTGGAG-

GAGGCTGAAGCCACTGTCAACAACAGCTCAGACACCGAGA-

GCATCCCCTCTCCTCACACT

NFKB1 common ENST00000226574, ENST00000394820,

ENST00000504044, ENST00000505458,

ENST00000600343

ACTGAATCTAAAAAGGACCCTGAAGGTTGTGACAAAAGTG-

ATGACAAAAACACTGTAAACCTCTTTGGGAAAGTTATTGA-

AACCACAGAGCAAGATCAGG

NOTCH1 ENST00000277541 GAGGGCTTCAGCGGTCCCAACTGCCAGACCAACATCAACG-

AGTGTGCGTCCAACCCATGTCTGAACCAGGGCACGTGTAT-

TGACGACGTTGCCGGGTACA

NR2F2 sp2 T ENST00000394166 CCAGTACTGCCGCCTCAAAAAGTGCCTCAAAGTGGGCATG-

AGACGGGAAGCGGTGCAGAGGGGCAGGATGCCGCCGACCC-

AGCCGACCCACGGGCAGTTC

OCT4 common ENST00000259915, ENST00000441888,

ENST00000471529, ENST00000512818,

ENST00000513407

ATTCAGCCAAACGACCATCTGCCGCTTTGAGGCTCTGCAG-

CTTAGCTTCAAGAACATGTGTAAGCTGCGGCCCTTGCTGC-

AGAAGTGGGTGGAGGAAGCT

ONECUT1 ENST00000305901 CTTGGCAAGACAAATGATGAGCAGGAAAACACCACTGGAT-

CTCACACCTTCAATCCATGACCATCCTCGCTGTGCTTGGC-

TGTTTAGTGGTTTGGAGCAT

ONECUT2 ENST00000262095, ENST00000491143 CCCAAACCAAAATGCTTGACATAAAGCCAAATCAACTGCC-

AAGCACACTTTATTTTGCATAGGAGTATGCAGCCTAGGGA-

ACCTTGGTTGAAAAGCAGCA

pbx1 common ENST00000367897, ENST00000420696,

ENST00000465089, ENST00000468104,

ENST00000496120, ENST00000560469,

ENST00000560641

TTTCTCTCCCAACGCTGAAGCGGTCAGACTGGAGGTCGAA-

GCAATCAGCAAACACAATAAGAGTCTCCTTCTCTTCTCTT-

CTTTGGGATGCTATTTCAGC

pbx3 sp1 ENST00000373483, ENST00000373482,

ENST00000373492

AATGAAACCAGCGCTCTTCAGCGTCCTGTGTGAGATCAAA-

GAGAAAACAGGCATGTAATGAATTTACTACACATGTGATG-

AACCTTCTCCGAGAACAGAG

pbx3 sp2 T ENST00000491787, ENST00000447726,

ENST00000342287, ENST00000373489,

ENST00000373487

AATGAAACCAGCGCTCTTCAGCGTCCTGTGTGAGATCAAA-

GAGAAAACAGGTCTCAGCATCAGAGGAGCCCAGGAGGAGG-

ACCCTCCCGATCCCCAGCTA

PER1 ENST00000581395, ENST00000579065,

ENST00000354903, ENST00000582719,

ENST00000317276

AGCACATCACGTCTGAGTACACACTTCAGAACCAGGATAC-

CTTCTCAGTGGCTGTCTCCTTCCTGACGGGCCGAATCGTC-

TACATTTCGGAGCAGGCAGC

POLR2A ENST00000322644 TTCTACTCCAACATTCAGACTGTCATTAACAACTGGCTCC-

TCATCGAGGGTCATACTATTGGCATTGGGGACTCCATTGC-

TGATTCTAAGACTTACCAGG

POU5F1 T ENST00000259915, ENST00000441888,

ENST00000471529, ENST00000512818,

ENST00000513407

GAGGCTGCTGGGTCTCCTTTCTCAGGGGGACCAGTGTCCT-

TTCCTCTGGCCCCAGGGCCCCATTTTGGTACCCCAGGCTA-

TGGGAGCCCTCACTTCACTG

PTEN ENST00000371953 TTGGATGTGCAGCAGCTTACATGTCTGAAGTTACTTGAAG-

GCATCACTTTTAAGAAAGCTTACAGTTGGGCCCTGTACCA-

TCCCAAGTCCTTTGTAGCTC
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rbpj sp2 ENST00000506956, ENST00000514807,

ENST00000355476, ENST00000504907,

ENST00000511546, ENST00000342320,

ENST00000509158, ENST00000511451,

ENST00000505958, ENST00000511401,

ENST00000514730, ENST00000512351,

ENST00000514675

CTGTGACTTACCTTAACATGTTCTTGAAGTACCATGGCGT-

GGATTAAAAGGAAATTTGGTGAGCGGCCTCCACCTAAACG-

ACTTACTAGGGAAGCTATGC

RCOR1 ENST00000262241, ENST00000570597 GAAGGAACCACACCCCAGTTGTGCCGATTACATTAGTGTT-

GGCACACAGTCGGGTGCTAGTGTAACACAAATGCCGCGTT-

GTCTGGGTGTACAGTGTTTG

RELL2 common T ENST00000297164, ENST00000521367,

ENST00000518856, ENST00000517794,

ENST00000444782

GAATGAGGACACAGTAGAGAGGATTGTTCGCTGCATCATC-

CAGAATGAAGCCAATGCTGAGGCCTTGAAGGAGATGCTGG-

GGGACAGTGAAGGAGAAGGG

rrad common ENST00000299759, ENST00000420652,

ENST00000566577, ENST00000568915

ACTCAGACGAGAGCGTTTACAAGGTGCTGCTGCTGGGGGC-

GCCCGGCGTGGGCAAGAGCGCCCTGGCGCGCATCTTCGGC-

GGTGTGGAGGACGGGCCTGA

Runx1 sp1 ENST00000300305, ENST00000437180,

ENST00000475045, ENST00000416754,

ENST00000486278

AGACAGCATATTTGAGTCATTTCCTTCGTACCCACAGTGC-

TTCATGAGAGAATGCATACTTGGAATGAATCCTTCTAGAG-

ACGTCCACGATGCCAGCACG

Runx1 sp2 ENST00000344691, ENST00000358356,

ENST00000399240

CCCTGTCGCCGTCTGGTAGGAGCTGTTTGCAGGGTCCTAAC-

TCAATCGGCTTGTTGTGATGCGTATCCCCGTAGATGCCAG-

CACGAGCCGCC

SIN3A ENST00000394949, ENST00000360439,

ENST00000394947

CTTCTATGGCAGATGCCAGCAAACATGGTGGTGGAACAGA-

ATCGTTATTTTTTGATAAGGTCCGAAAGGCTCTTCGGAGT-

GCAGAAGCCTACGAAAATTT

SOX2 ENST00000325404, ENST00000431565 GCCTTTCCAAAAAATAATAATAACAATCATCGGCGGCGGC-

AGGATCGGCCAGAGGAGGAGGGAAGCGCTTTTTTTGATC-

CTGATTCCAGTTTGCCTCTCT

SOX4 ENST00000244745, ENST00000543472 GCATGCAGGCTTTTTGGCTTCCTACCTTGCAACAAAATAA-

TTGCACCAACTCCTTAGTGCCGATTCCGCCCACAGAGAGT-

CCTGGAGCCACAGTCTTTTT

SP1 ENST00000426431 AGCCCTGGTGCTACTTGCTTGAAGTTTTCAGTGTAAGTAC-

CCTGATGCCTTTTGGACCTTGGGATCAGATCAAGAGTTTT-

GGAGATCAGGTACCAAGGAA

SREBF2 ENST00000361204, ENST00000424354,

ENST00000491541

CTGAGTTGCTGTAGCGTCTTGATTCTCTCCCTGGGTCTGC-

GTTCCCTCCCCTGGGCCTGACTGAGCCTGCTCATTGTTTT-

TCCCTTTATTACACAGGACA

SRF ENST00000265354 AGAGCCTACCTTCACCACCTATATCCAGAAGGGGAGCTT-

TTTCAGAAACAGGGCAGCAGTGGGGTGAAATTTTCTTAAC-

CCCTAAGACTGCCTTCAGTAG

stat1 common ENST00000361099, ENST00000392322,

ENST00000409465, ENST00000452281,

ENST00000540176, ENST00000392323

TGCTGAATGTCACTGAACTTACCCAGAATGCCCTGATTAA-

TGATGAACTAGTGGAGTGGAAGCGGAGACAGCAGAGCGCC-

TGTATTGGGGGGCCGCCCAA

STAT2 ENST00000314128, ENST00000555665,

ENST00000556539, ENST00000557235

CAACATTTTAATAGTTGGTTAGGCTAAACTGGTGCATACT-

GGCATTGGCCCTTGGTGGGGAGCACAGACACAGGATAGGA-

CTCCATTTCTTTCTTCCATT
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stat3 common ENST00000264657, ENST00000389272,

ENST00000404395, ENST00000585517,

ENST00000588969

GCTGAAATCATCATGGGCTATAAGATCATGGATGCTACCA-

ATATCCTGGTGTCTCCACTGGTCTATCTCTATCCTGACAT-

TCCCAAGGAGGAGGCATTCG

STAT5A ENST00000588868, ENST00000345506,

ENST00000452307

GCCGCCGGTTTGAGTGAGGGTTTCTGAGCTGCTCTGAATT-

AGTCCTTGCTTGGCTGCTTGGCCTTGGGCTTCATTCAAGT-

CTATGATGCTGTTGCCCACG

STAT5B ENST00000293328 GCCTAGAGAGTGGAGATTTTTGATGAAAGGTGTGCTCGCT-

CTCTGCGTTCTATCTTCTCTCTCCTCCTTGTTCCTGCAAA-

CCACAAGATAAAGGTAGTGG

TAF1 sp1 ENST00000449580, ENST00000373790 CCAATGAAGAAGGATAAGGACCAGGATTCTATTACTGGT-

GAGAAAGTGGACTTCAGTAGTTCCTCTGACTCAGAATCTG-

AGATGGGACCT

TAF1 sp2 ENST00000276072, ENST00000423759 CCAATGAAGAAGGATAAGGACCAGGATTCTATTACTGGTG-

TGTCTGAAAATGGAGAAGGCATCATCTTGCCCTCCATCAT-

TGCCCCTTCC

TCF12 common T ENST00000267811, ENST00000333725,

ENST00000438423, ENST00000452095,

ENST00000557843, ENST00000559609,

ENST00000560190, ENST00000561449,

ENST00000343827, ENST00000537840,

ENST00000543579, ENST00000559703,

ENST00000559710, ENST00000561420

CCTGAACAGAAGATAGAAAGGGAGAAGGAGAGGCGGATGG-

CTAACAATGCCAGAGAACGCTTACGCGTGCGGGATATTAA-

TGAAGCATTCAAAGAGCTTG

TCF3 sp2 T ENST00000593064, ENST00000588136 CCCACCCAGGCCTGAGCGAAGCCCACAACCCCGCCGGGCA-

CATGTGAAAGTAAACAAAACCTGAAAGCAAGCAACAAAAC-

ATACACTTTGTCAGAGAAGA

TCF3 sp3 T ENST00000262965, ENST00000344749,

ENST00000395423, ENST00000585731,

ENST00000590684

CCCACCCAGGCCTGAGCGAAGCCCACAACCCCGCCGGGCAC-

ATGTGAAAGGTATGCCTCCGTGGGACGAGCCACCCGCTTT-

CAGCCCTGTGCTCTGGCCC

TCF3 sp4 ENST00000586164, ENST00000593064,

ENST00000587425, ENST00000395423,

ENST00000592628, ENST00000262965

CACCAGGCTGTCTCGGTCATCCTGAACTTGGAGCAGCAAG-

TGCGAGAGCGGAACCTGAATCCCAAAGCAGCCTGTTTGAA-

ACGGCGAGAAGAGGAA

TCF3 sp5 T ENST00000588136, ENST00000453954,

ENST00000344749, ENST00000585731,

ENST00000585855, ENST00000590684,

ENST00000592395

CCTGCAGCAGGCCGTGCAGGTCATCCTGGGGCTGGAGCAG-

CAGGTGCGAGAGCGGAACCTGAATCCCAAAGCAGCCTGTT-

TGAAACGGCGAGAAGAGGAA

TCF3 sp6 T ENST00000395423 CGGGAAGGGCCGGCCCGCCTCCCTGGCCGGGGCGCAGTTC-

GGAGGTTCAGGCAAGAGCGGTGAGCGGGGCGCCTATGCCT-

CCTTCGGGAGAGACGCAGGC

TCF3 sp7 T ENST00000588136, ENST00000344749,

ENST00000262965

GTCGCACAGCAGCCTCTCTTCATCCACATTCCTGGGACCG-

GGACTCGGAGGCAAGAGCGGTGAGCGGGGCGCCTATGCCT-

CCTTCGGGAGAGACGCAGGC

TNFRSF13B ENST00000261652, ENST00000437538,

ENST00000579315, ENST00000581616,

ENST00000582931, ENST00000583789,

ENST00000584950

AGGAGCAAGGCAAGTTCTATGACCATCTCCTGAGGGACTG-

CATCAGCTGTGCCTCCATCTGTGGACAGCACCCTAAGCAA-

TGTGCATACTTCTGTGAGAA
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TNFRSF13C ENST00000291232 GTTTGGTGTGCTTGCCTTTGGCTTCAGACCTCACCATCTT-

TGACAGCCCTTGAAGGTGGTAGCCCAGCTCCTGTTCCTGT-

GCCTTCAAAAGGCTGGGGCA

TNFRSF17 sp1 ENST00000053243 GCTAAGGAAGATAAACTCTGAACCATTAAAGGACGAGTTT-

AAAAACACAGGATCAGGTCTCCTGGGCATGGCTAACATTG-

ACCTGGAAAAGAGCAGGACT

TNFSF13B ENST00000375887, ENST00000430559 AACAGGAAATGATCCATTCCCTGTGGTCACTTATTCTAAA-

GGCCCCAACCTTCAAAGTTCAAGTAGTGATATGGATGACT-

CCACAGAAAGGGAGCAGTCA

USF1 common T ENST00000368019, ENST00000368021,

ENST00000435396, ENST00000472217,

ENST00000473969, ENST00000528768,

ENST00000531842, ENST00000368020

AAGCTTGTGATTATATCCAGGAGCTTCGGCAGAGTAACCA-

CCGCTTGTCTGAAGAACTGCAGGGACTTGACCAACTGCAG-

CTGGACAATGACGTGCTTCG

YY1 ENST00000262238, ENST00000554579,

ENST00000554804, ENST00000555735

ACATGCTAAGGCCAAAAACAACCAGTGAAAAGAAGAGAGA-

AGACCCTTCTCGACCACGGGAAGCATCTTCCAGAAGTGTG-

ATTGGGAATAAATATGCCTC

ZIC3 ENST00000287538 TCAGTTAGTGGCCATGACATCTCAATCTTGTACTTCAAAG-

ACTGAGAAGCTGGATTTAATCATCCCTGCCCTACATATAT-

AAACATAAGGTAACCTACTG

ZNF217 sp3 T ENST00000371471 AGTCCCGGCCGCCGCCGCGCGAGGAAATGGCCGAGGAGC-

CGGAGCCGCAGGGTTTGGAAATCCCTTGTCTCCAGGTTGC-

TGGGATTGACTTCTTGCTCAA
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adar1 sp1 2101 0.00 12.26 23.98 27.99 0.00 8.02 4.74 0.00 0.00 15.10 11.80

adar1 sp2 2321 13.18 11.64 1.95 0.42 15.64 6.34 0.00 3.53 18.42 0.73 10.10

atf2 common 4911 9.55 12.50 15.86 0.00 13.87 6.02 12.91 6.90 0.00 5.97 20.10

atf2 sp1 2299 0.00 2.71 4.64 0.00 0.00 6.02 12.91 0.00 0.00 1.50 19.10

atf2 sp2 2156 9.55 12.50 15.86 0.00 13.87 4.21 0.00 6.90 21.38 5.97 54.30

ATP5J common 16504 33.92 174.53 50.08 61.53 18.58 6.76 32.22 10.38 22.28 30.98 4.80

Bcl11a sp1 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Bcl11a sp2 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

BCL3 1737 2.79 6.19 2.47 5.93 0.56 0.00 3.77 0.88 3.78 0.00 1.70

BHLHB2 17578 51.58 0.00 87.48 107.52 62.18 39.79 84.31 29.95 0.00 53.85 36.60

Blnk sp1 T 33 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 10.93 0.00 0.00

Blnk sp2 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

CARM1 sp1 T 1168 8.52 19.49 18.04 0.00 0.00 4.85 9.98 0.00 0.00 9.81 3.70

CD19 0 0.00 0.00 0.07 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Cd79b sp1 T 24 0.00 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00

Cd79b sp2 T 0 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

cdkn1a sp1 T 6057 21.89 43.57 42.89 53.02 0.00 21.88 0.00 0.00 0.00 29.10 0.00

cdkn1a sp2 T 5429 0.00 0.00 0.79 0.70 0.00 5.58 11.08 0.00 0.00 1.04 0.00

CEBPA 7109 8.78 0.00 8.37 21.21 0.00 0.00 0.00 7.46 0.00 0.00 0.00

CTCF common 255 8.98 16.96 16.73 20.36 11.82 9.57 10.03 1.34 0.00 11.56 10.60

CTCF sp1 563 8.98 16.96 16.73 20.36 11.82 9.57 10.03 2.04 0.00 11.56 8.40

CTCFL sp1 19 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.00 0.00

CTCFL sp2 11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

CTDSL sp2 T 940 9.70 16.73 22.16 0.00 20.48 18.99 3.87 0.00 17.71 7.57 37.30

CTDSP1 common T 4117 11.71 14.31 20.84 25.55 20.14 10.70 14.56 8.13 42.12 9.89 22.10

CTDSP2 3330 25.31 23.74 38.76 44.53 0.00 0.00 0.00 14.32 0.00 20.10 0.00

CTDSPL sp1 4193 5.74 11.59 6.03 0.00 20.48 18.99 3.87 0.00 0.00 5.33 36.70

DES 0 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

DNMT1 common T 1011 3.57 7.06 6.46 11.40 6.62 2.21 2.27 2.19 6.19 4.82 0.00

E2F4 4533 13.40 23.89 25.41 29.67 19.53 16.23 14.25 0.00 17.58 16.07 0.00

E2F6 common 5693 4.10 0.00 0.00 0.00 5.45 3.92 0.00 1.56 2.96 5.26 1.50

ebf1 sp1 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

EGR1 956 4.39 8.91 8.18 10.04 7.90 7.68 8.31 2.69 0.00 6.46 8.70

EOMES common 14 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.17 0.00 0.00

EP300 1914 8.55 14.06 13.80 16.92 11.11 11.00 10.82 2.78 12.51 8.14 16.70

esr1 common 12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

esr2 sp1 33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

esr2 sp2 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.00

ets1 common 561 0.21 0.38 0.15 0.30 0.31 0.00 0.00 0.57 0.32 0.37 0.60

FBXO15 14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00

FOS 755 1.26 2.59 2.40 2.96 1.78 1.78 0.00 0.54 0.00 1.89 2.40
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foxa2 body 8700 12.33 21.70 12.24 14.81 17.95 14.69 0.00 3.49 0.00 15.41 16.50

foxa2 sp2 T 250 0.00 4.92 8.89 11.10 0.00 0.00 17.36 3.49 0.00 15.41 0.00

FOXA3 1223 8.65 17.66 15.65 19.05 12.66 9.92 12.00 3.16 0.00 10.75 17.10

gabpa sp1 T 251 0.00 0.00 0.00 0.68 0.00 0.00 0.00 0.00 0.00 1.29 0.00

gabpa sp2 T 237 0.00 0.00 0.26 1.39 0.00 0.00 0.00 0.00 0.00 0.00 0.00

GATA1 T 12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 11.04 0.00 0.00

HDAC1 7349 0.00 45.48 38.68 48.94 37.45 9.32 24.48 7.23 0.00 30.27 15.10

HDAC3 sp1 3703 13.39 26.60 23.59 0.00 7.76 7.76 0.00 0.00 12.67 15.36 10.50

HDAC4 902 0.00 0.83 0.09 3.02 0.00 0.00 1.53 0.79 0.00 0.81 3.10

HDAC5 65 0.00 0.00 1.19 0.00 0.00 0.00 0.00 0.45 0.00 13.69 0.00

Hif1a common 13561 13.67 33.05 18.02 21.75 27.50 18.76 18.17 7.49 26.69 17.02 21.50

HNF1A 1485 4.97 2.70 7.03 10.80 8.25 8.25 9.18 0.75 10.81 3.16 3.60

HNF1B 836 1.28 2.44 2.30 2.90 2.90 2.29 2.84 1.49 2.57 1.82 4.40

Hnf4g common T 1906 0.00 3.80 1.98 4.06 3.55 2.90 0.00 0.79 0.00 2.90 3.60

HSF1 4997 18.88 22.36 28.28 39.01 19.78 13.67 9.78 0.35 15.14 8.65 10.90

IGF1R common T 2654 4.48 12.12 13.00 11.00 12.10 5.52 7.03 2.55 10.78 5.22 25.30

IKZF1 common 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IKZF1 sp1 T 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IKZF1 sp2 16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IKZF3 sp1 T 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.00 0.00

IKZF3 sp2 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IL6 0 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IL6receptor common 2319 0.00 8.48 8.53 9.79 6.58 6.04 6.12 2.34 0.00 5.92 10.30

IL8 84 0.03 0.00 0.23 0.52 0.30 0.30 0.00 0.82 0.00 0.00 0.00

IL8RA 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IL8RB 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IRF8 18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

JUND 297 0.00 0.00 45.64 56.16 38.72 38.72 0.00 115.20 0.00 0.00 0.00

KAISO sp1 T 1368 2.85 4.74 5.59 6.76 4.85 4.85 0.00 2.19 0.00 4.15 0.00

KAP1 common T 0 49.95 91.94 65.31 2.30 53.39 48.40 48.37 1.20 62.88 68.57 22.00

KLF4 226 0.00 0.60 0.47 0.69 0.54 0.54 0.00 0.50 0.00 0.94 1.20

LEF1 sp1 0 0.00 0.00 0.00 0.05 0.10 0.00 0.00 0.00 0.00 0.00 0.00

LEF1 sp2 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

LIN28 common 0 0.01 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.01 0.00 0.00

MAX sp1 2984 4.59 10.64 3.79 0.00 5.16 6.12 6.80 0.00 8.04 4.28 7.90

mef2a common T 515 2.03 4.04 4.21 5.45 4.39 2.00 5.08 1.39 4.70 2.93 0.00

mef2a sp3 1470 2.03 4.04 4.21 5.45 0.00 2.00 5.08 0.31 0.00 2.93 8.00

mef2a sp4 1090 0.85 1.63 1.47 1.74 4.39 1.27 0.00 1.39 4.70 0.89 7.60

mef2b sp10 T 81 4.95 0.00 1.18 0.00 0.00 0.00 0.00 0.00 2.28 0.00 8.00

mef2b sp11 T 248 0.00 0.00 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.19 0.00

mef2b sp12 311 0.00 0.00 1.18 0.00 0.00 0.00 0.00 0.00 0.00 0.88 0.00
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mef2b sp7 T 215 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.42 0.00

mef2c sp1 9 2.84 3.43 0.00 0.00 3.85 3.85 0.00 1.40 0.00 0.00 2.20

mef2c sp3 18 45.25 60.13 0.00 0.00 72.16 60.37 47.51 10.33 0.00 0.00 54.20

mef2c sp4 16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

mef2d sp4 80 0.00 0.00 2.58 3.05 0.00 0.00 0.00 0.00 0.00 3.00 0.00

MYC 28966 0.00 0.00 69.47 78.57 0.00 0.00 0.00 0.00 0.00 40.51 0.00

MYF5 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.00 0.00

MYF6 51 2.00 6.60 0.00 0.00 0.00 3.42 2.77 1.05 7.36 0.00 9.70

MYOD1 32 2.85 9.30 0.00 0.00 3.33 5.07 3.44 1.64 4.76 0.00 0.00

NANOG 64 2.48 0.00 0.01 0.00 0.23 0.23 0.00 0.00 0.19 0.00 0.00

ncor2 sp1 T 1143 5.16 9.87 1.03 0.00 8.05 8.05 0.00 0.00 11.05 2.51 0.00

NFKB1 common 355 1.30 0.50 4.90 4.06 1.01 1.01 3.43 0.00 0.98 3.38 0.00

NOTCH1 27 3.31 6.75 0.03 0.28 6.43 6.43 0.00 1.52 0.00 0.00 8.00

NR2F2 sp2 T 800 2.18 2.16 3.78 4.22 4.32 4.32 0.00 0.96 0.00 7.90 4.40

OCT4 common 284 0.00 0.00 1.80 0.08 0.00 0.00 0.00 0.02 0.00 0.00 0.00

ONECUT1 2013 0.00 0.82 5.99 7.12 0.00 0.00 0.00 0.00 0.00 5.49 0.00

ONECUT2 805 0.77 1.01 3.81 4.05 1.09 0.75 1.15 0.00 0.96 3.01 0.00

pbx1 common 0 2.40 4.57 0.00 0.00 2.91 2.91 2.99 1.23 3.32 0.00 0.00

pbx3 sp1 97 13.50 22.03 0.59 0.70 17.97 15.25 15.28 7.54 20.14 0.00 0.00

pbx3 sp2 T 89 1.30 0.00 1.03 1.22 0.00 0.00 3.43 0.83 0.98 0.86 0.00

PER1 452 0.00 0.00 4.59 5.53 4.50 3.61 0.00 0.00 0.00 3.32 2.70

POLR2A 4377 2.73 5.56 26.52 31.67 0.00 0.00 0.00 0.00 0.00 18.84 3.90

POU5F1 T 94 3.44 0.00 1.80 0.08 0.00 0.00 5.16 0.89 0.00 0.00 7.80

PTEN 1128 1.57 1.23 1.04 4.29 2.28 0.63 0.00 0.26 3.24 0.00 0.00

rbpj sp2 82 0.41 1.14 5.92 0.00 0.58 0.58 0.60 1.88 0.70 2.40 1.30

RCOR1 2199 0.00 0.00 6.89 8.78 0.00 0.00 0.00 0.00 0.00 5.34 0.00

RELL2 common T 226 1.47 3.15 0.00 0.00 0.00 0.00 0.00 0.60 0.00 1.73 0.00

rrad common 82 4.97 8.38 0.74 0.41 6.49 5.61 5.68 1.45 6.62 0.00 10.40

Runx1 sp1 24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Runx1 sp2 338 0.00 0.00 1.44 1.73 0.00 0.00 0.00 1.11 0.00 1.29 4.60

SIN3A 1241 0.00 6.52 8.16 5.74 0.00 0.00 32.10 1.76 0.00 0.00 7.30

SOX2 0 37.41 80.46 0.03 0.00 50.74 28.33 27.72 14.94 0.00 0.00 25.50

SOX4 528 7.76 13.85 2.14 0.06 0.00 0.00 14.38 4.70 0.00 0.00 12.20

SP1 513 7.30 12.28 6.25 7.67 9.05 8.43 7.99 3.29 3.29 5.30 0.00

SREBF2 7451 2.61 8.96 3.23 84.86 6.43 3.72 0.00 1.52 0.00 46.20 6.00

SRF 790 10.56 30.04 14.30 17.67 26.86 8.99 10.63 7.88 21.14 12.14 3.30

stat1 common 1154 0.00 1.74 10.89 13.72 1.49 1.01 0.00 0.42 0.00 8.73 1.70

STAT2 1235 6.81 12.71 6.20 2.85 9.71 7.42 0.00 4.18 0.00 1.60 0.00

stat3 common 7640 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.17 2.60

STAT5A 396 1.78 2.44 1.39 1.11 2.42 0.96 0.00 1.89 3.29 1.26 3.00

STAT5B 1717 5.62 8.75 12.87 15.30 7.71 2.93 5.65 1.19 5.40 8.82 6.70
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TAF1 sp1 270 3.95 5.75 0.00 0.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00

TAF1 sp2 326 0.00 7.68 0.00 2.18 0.00 0.00 0.00 3.25 0.00 2.01 16.90

TCF12 common T 2427 0.00 7.18 6.72 8.49 0.00 1.82 0.00 0.00 0.00 4.82 0.60

TCF3 sp2 T 1214 3.95 7.68 10.25 0.00 8.29 1.90 0.00 3.25 10.60 4.78 0.00

TCF3 sp3 T 1102 0.00 0.00 5.13 0.00 0.00 1.82 1.39 0.00 0.00 0.00 5.70

TCF3 sp4 1153 3.95 7.18 8.66 0.00 0.00 1.65 4.49 0.00 10.60 4.78 3.90

TCF3 sp5 T 1031 0.00 0.00 10.25 0.00 0.00 0.00 0.00 0.00 0.09 2.45 0.00

TCF3 sp6 T 1111 0.00 0.00 2.46 0.00 0.16 0.00 0.00 0.16 0.00 4.78 0.40

TCF3 sp7 T 1646 0.00 0.00 10.25 0.00 0.00 0.00 0.00 0.00 0.00 2.45 0.00

TNFRSF13B 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.11 0.00 0.00

TNFRSF13C 22 3.58 5.18 0.13 0.20 4.31 2.95 2.83 2.27 3.25 0.00 5.40

TNFRSF17 sp1 0 11.01 13.89 0.00 0.00 17.69 17.69 17.87 5.46 0.00 0.00 10.10

TNFSF13B 84 0.00 0.00 0.02 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00

USF1 common T 623 0.00 13.41 4.73 5.82 0.00 0.00 0.00 5.35 0.00 3.15 0.80

YY1 11801 0.00 12.26 18.36 22.80 0.00 8.02 4.74 0.00 0.00 11.60 11.80

ZIC3 46 13.18 11.64 0.00 0.00 15.64 6.34 0.00 3.53 18.42 0.00 10.10

ZNF217 sp3 T 1401 9.55 12.50 15.95 20.48 13.87 6.02 12.91 6.90 0.00 8.34 20.10
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Table B.8: NanoString counts and RPKM values for predominant isoforms.
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adar1 sp1 2101.00 13.18 12.26 27.99 23.98 15.64 8.02 4.74 10.28 18.42 18.42 29.50

adar1 sp2 2321.00 13.18 12.26 27.99 23.98 15.64 8.02 4.74 10.28 18.42 18.42 29.50

atf2 common 4911.00 9.55 12.50 0.00 15.86 13.87 6.02 12.91 6.90 21.38 21.38 54.30

atf2 sp1 2299.00 9.55 12.50 0.00 15.86 13.87 6.02 12.91 6.90 21.38 21.38 54.30

atf2 sp2 2156.00 9.55 12.50 0.00 15.86 13.87 6.02 12.91 6.90 21.38 21.38 54.30

ATP5J common 16504.00 33.92 174.53 61.53 50.08 18.58 6.76 32.22 10.38 22.28 22.28 59.50

Bcl11a sp1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.14 0.00

Bcl11a sp2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.14 0.00

BCL3 1737.00 2.79 6.19 5.93 3.57 4.49 4.49 3.77 1.56 3.78 3.78 7.20

BHLHB2 17578.00 51.58 82.71 107.52 87.48 62.18 39.79 84.31 29.95 88.55 88.55 82.60

Blnk sp1 T 33.00 0.01 0.00 0.01 0.00 7.72 7.72 0.00 0.01 10.93 10.93 0.00

Blnk sp2 0.00 0.01 0.00 0.01 0.00 7.72 7.72 0.00 0.01 10.93 10.93 0.00

CARM1 sp1 T 1168.00 8.52 19.49 0.00 18.04 20.11 9.54 9.98 3.74 9.54 9.54 43.90

CD19 0.00 0.61 2.67 0.07 0.07 0.68 0.00 0.00 7.42 0.19 0.19 1.60

Cd79b sp1 T 24.00 0.02 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00

Cd79b sp2 T 0.00 0.02 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00

cdkn1a sp1 T 6057.00 21.89 43.57 53.02 42.89 27.36 21.88 11.36 5.72 37.47 37.47 17.20

cdkn1a sp2 T 5429.00 21.89 43.57 53.02 42.89 27.36 21.88 11.36 5.72 37.47 37.47 17.20

CEBPA 7109.00 8.78 0.00 21.21 8.37 5.98 5.27 0.00 7.46 6.38 6.38 0.00

CTCF common 255.00 8.98 16.96 20.36 16.73 11.82 9.57 10.03 3.17 13.75 13.75 21.10

CTCF sp1 563.00 8.98 16.96 20.36 16.73 11.82 9.57 10.03 3.17 13.75 13.75 21.10

CTCFL sp1 19.00 0.26 0.00 0.01 0.04 0.10 0.00 0.00 0.72 0.06 0.06 0.20

CTCFL sp2 11.00 0.26 0.00 0.01 0.04 0.10 0.00 0.00 0.72 0.06 0.06 0.20

CTDSL sp2 T 940.00 9.70 16.73 0.00 22.16 20.48 18.99 19.44 6.40 17.71 17.71 37.30

CTDSP1 common T 4117.00 11.71 14.31 25.55 20.84 20.14 10.70 14.56 8.13 42.12 42.12 38.70

CTDSP2 3330.00 25.31 23.74 44.53 38.76 30.80 25.75 24.82 14.32 20.10 20.10 22.30

CTDSPL sp1 4193.00 9.70 16.73 0.00 22.16 20.48 18.99 19.44 6.40 17.71 17.71 37.30

DES 0.00 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

DNMT1 common T 1011.00 3.57 12.12 11.40 6.46 6.62 2.21 2.27 2.89 6.19 6.19 16.40

E2F4 4533.00 13.40 23.89 29.67 25.41 19.53 16.23 14.25 3.34 17.58 17.58 35.10

E2F6 common 5693.00 4.10 7.95 0.00 0.00 5.45 3.92 4.73 2.14 2.96 2.96 8.00

ebf1 sp1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

EGR1 956.00 4.39 8.91 10.04 8.18 7.90 7.68 8.31 2.69 9.34 9.34 8.70

EOMES common 14.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.17 0.17 0.00

EP300 1914.00 8.55 14.06 16.92 13.80 11.11 11.00 10.82 2.78 12.51 12.51 18.20

esr1 common 12.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00

esr2 sp1 33.00 0.00 0.00 0.00 0.08 0.09 0.00 0.00 1.20 0.02 0.02 0.20

esr2 sp2 0.00 0.00 0.00 0.00 0.08 0.09 0.00 0.00 1.20 0.02 0.02 0.20

ets1 common 561.00 0.21 0.38 0.30 0.15 0.31 0.00 0.00 0.57 0.32 0.32 0.60

FBXO15 14.00 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.94 0.01 0.01 0.30

FOS 755.00 1.26 2.59 2.96 2.40 1.78 1.78 0.00 1.00 2.29 2.29 2.40
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foxa2 body 8700.00 12.33 21.70 14.81 12.24 17.95 14.69 17.36 3.49 18.41 18.41 33.20

foxa2 sp2 T 250.00 12.33 21.70 14.81 12.24 17.95 14.69 17.36 3.49 18.41 18.41 33.20

FOXA3 1223.00 8.65 17.66 19.05 15.65 12.66 9.92 12.00 3.16 11.93 11.93 17.10

gabpa sp1 T 251.00 2.39 6.09 2.23 0.26 2.72 1.77 0.00 1.39 3.48 3.48 6.40

gabpa sp2 T 237.00 2.39 6.09 2.23 0.26 2.72 1.77 0.00 1.39 3.48 3.48 6.40

GATA1 T 12.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 11.04 11.04 0.00

HDAC1 7349.00 27.70 86.13 48.94 38.68 37.45 9.32 24.48 7.23 27.57 27.57 44.60

HDAC3 sp1 3703.00 13.39 26.60 0.00 23.59 20.75 20.75 19.40 4.83 12.67 12.67 21.70

HDAC4 902.00 0.86 1.52 3.02 2.40 2.22 0.94 1.53 0.79 1.72 1.72 8.30

HDAC5 65.00 12.84 26.93 0.00 47.10 33.16 7.62 15.08 18.30 26.61 26.61 72.30

Hif1a common 13561.00 13.67 33.05 21.75 18.02 27.50 18.76 18.17 7.49 26.69 26.69 32.50

HNF1A 1485.00 4.97 2.70 10.80 7.03 8.25 8.25 9.18 2.09 10.81 10.81 3.60

HNF1B 836.00 1.28 2.44 2.90 2.30 2.90 2.29 2.84 1.49 2.57 2.57 6.60

Hnf4g common T 1906.00 2.36 3.80 4.06 1.98 3.55 2.90 2.04 0.82 1.22 1.22 4.20

HSF1 4997.00 18.88 22.36 39.01 28.28 19.78 13.67 9.78 5.11 15.14 15.14 65.50

IGF1R common T 2654.00 9.78 12.12 11.00 13.00 17.78 17.78 7.03 2.55 14.32 14.32 25.30

IKZF1 common 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IKZF1 sp1 T 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IKZF1 sp2 16.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

IKZF3 sp1 T 0.00 0.00 0.00 0.00 0.02 11.14 3.41 0.00 0.00 0.06 0.06 0.00

IKZF3 sp2 0.00 0.00 0.00 0.00 0.02 11.14 3.41 0.00 0.00 0.06 0.06 0.00

IL6 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00

IL6receptor common 2319.00 4.37 8.48 9.79 8.53 6.58 6.04 6.12 3.05 5.37 5.37 14.90

IL8 84.00 0.03 0.48 0.52 0.23 0.30 0.30 0.00 0.82 0.16 0.16 0.50

IL8RA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.03 0.00

IL8RB 0.00 0.01 0.00 0.00 0.00 0.03 0.00 0.00 0.26 0.01 0.01 0.00

IRF8 18.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

JUND 297.00 25.22 0.00 56.16 45.64 38.72 38.72 0.00 115.20 46.83 46.83 0.00

KAISO sp1 T 1368.00 2.85 4.74 6.76 5.59 4.85 4.85 0.00 2.19 4.92 4.92 6.00

KAP1 common T 0.00 49.95 91.94 119.82 65.31 53.39 48.40 48.37 23.63 62.88 62.88 145.10

KLF4 226.00 0.14 0.60 0.69 0.47 0.54 0.54 0.00 0.50 0.37 0.37 1.20

LEF1 sp1 0.00 0.03 0.00 0.05 0.01 0.10 0.00 0.00 0.00 0.04 0.04 0.30

LEF1 sp2 0.00 0.03 0.00 0.05 0.01 0.10 0.00 0.00 0.00 0.04 0.04 0.30

LIN28 common 0.00 0.01 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.01 0.01 0.00

MAX sp1 2984.00 4.59 10.64 0.00 3.79 5.16 6.12 6.80 2.23 8.04 8.04 7.90

mef2a common T 515.00 2.03 4.04 5.45 4.21 4.39 2.00 5.08 1.39 4.70 4.70 9.20

mef2a sp3 1470.00 2.03 4.04 5.45 4.21 4.39 2.00 5.08 1.39 4.70 4.70 9.20

mef2a sp4 1090.00 2.03 4.04 5.45 4.21 4.39 2.00 5.08 1.39 4.70 4.70 9.20

mef2b sp10 T 81.00 4.95 3.46 0.00 1.18 1.38 1.09 1.29 1.76 2.28 2.28 8.00

mef2b sp11 T 248.00 0.00 0.00 0.00 3.17 0.00 0.00 0.00 0.00 0.00 2.28 0.00

mef2b sp12 311.00 0.00 0.00 0.00 3.17 0.00 0.00 0.00 0.00 0.00 2.28 0.00
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mef2b sp7 T 215.00 0.00 0.00 0.00 3.17 0.00 0.00 0.00 0.00 0.00 2.28 0.00

mef2c sp1 9.00 2.84 3.43 0.00 0.00 3.85 3.85 0.00 1.40 3.90 0.00 8.20

mef2c sp3 18.00 45.25 60.13 0.00 0.00 72.16 60.37 47.51 16.87 103.10 0.00 54.20

mef2c sp4 16.00 0.73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

mef2d sp4 80.00 0.73 0.00 3.05 2.58 0.00 0.00 0.00 0.00 0.00 3.90 0.00

MYC 28966.00 0.00 0.00 78.57 69.47 0.00 0.00 0.00 0.00 0.00 103.10 0.00

MYF5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.00 0.00

MYF6 51.00 2.00 6.60 0.00 0.00 8.09 3.42 2.77 5.11 7.36 0.00 24.70

MYOD1 32.00 2.85 9.30 0.00 0.00 3.33 5.07 3.44 1.64 4.76 0.00 9.70

NANOG 64.00 2.48 0.50 0.00 0.01 0.23 0.23 0.00 0.31 0.19 0.07 0.50

ncor2 sp1 T 1143.00 5.16 9.87 0.00 7.65 8.05 8.05 9.02 2.37 11.05 7.36 5.80

NFKB1 common 355.00 1.30 0.50 4.06 4.90 1.01 1.01 3.43 0.83 0.98 4.76 0.00

NOTCH1 27.00 3.31 6.75 0.28 0.06 6.43 6.43 4.97 1.52 4.42 0.19 8.00

NR2F2 sp2 T 800.00 2.18 2.16 6.08 4.06 4.32 4.32 0.00 0.96 1.90 11.05 4.40

OCT4 common 284.00 0.00 0.00 0.08 1.80 0.00 0.00 0.00 0.02 0.01 0.98 0.00

ONECUT1 2013.00 0.77 1.01 7.12 5.99 1.09 0.75 1.15 0.48 0.96 4.42 2.10

ONECUT2 805.00 0.77 1.01 4.05 3.81 1.09 0.75 1.15 0.48 0.96 1.90 2.10

pbx1 common 0.00 2.40 4.57 0.00 0.00 2.91 2.91 10.53 1.60 3.32 0.01 2.30

pbx3 sp1 97.00 13.50 22.03 1.22 1.03 17.97 15.25 15.28 7.81 20.14 0.96 30.50

pbx3 sp2 T 89.00 1.30 0.50 1.22 1.03 1.01 1.01 3.43 0.83 0.98 0.96 0.00

PER1 452.00 5.49 7.90 5.53 4.59 4.50 3.61 0.00 3.31 35.66 3.32 7.00

POLR2A 4377.00 2.93 11.23 31.67 26.52 6.30 3.90 6.44 2.16 1.79 20.14 9.70

POU5F1 T 94.00 3.44 6.24 0.08 1.80 4.72 4.72 5.16 0.89 2.20 0.98 7.80

PTEN 1128.00 1.57 1.23 4.29 4.05 2.28 0.63 0.00 0.70 3.24 35.66 3.10

rbpj sp2 82.00 0.41 1.14 0.00 5.92 0.58 0.58 0.60 1.88 0.70 1.79 21.00

RCOR1 2199.00 1.47 3.15 8.78 6.89 1.99 1.74 2.39 0.99 1.86 2.20 4.60

RELL2 common T 226.00 1.47 3.15 0.00 1.06 1.99 1.74 2.39 0.99 1.86 3.24 4.60

rrad common 82.00 4.97 8.38 0.41 0.74 6.49 5.61 5.68 1.45 6.62 0.70 13.80

Runx1 sp1 24.00 0.01 0.00 1.73 1.44 0.02 0.02 0.00 0.01 0.02 1.86 0.00

Runx1 sp2 338.00 0.61 0.00 1.73 1.44 1.57 1.57 0.00 1.11 1.95 1.86 4.60

SIN3A 1241.00 61.27 6.52 5.74 8.16 5.82 5.80 32.10 1.76 6.87 6.62 8.80

SOX2 0.00 37.41 80.46 0.00 0.03 50.74 28.33 27.72 14.94 60.26 0.02 104.40

SOX4 528.00 7.76 13.85 0.06 2.14 12.00 12.00 14.38 5.38 11.91 1.95 12.20

SP1 513.00 7.30 16.60 7.67 6.25 9.05 8.43 7.99 3.29 3.29 6.87 18.90

SREBF2 7451.00 2.61 8.96 84.86 70.53 6.43 3.72 1.66 2.55 5.45 60.26 9.50

SRF 790.00 10.56 30.04 17.67 14.30 26.86 8.99 10.63 10.48 21.14 11.91 66.80

stat1 common 1154.00 0.91 1.74 13.72 10.89 1.49 1.01 1.71 0.42 5.16 3.29 2.20

STAT2 1235.00 6.81 12.71 2.85 6.20 9.71 7.42 8.86 4.18 8.57 5.45 19.70

stat3 common 7640.00 1.78 5.08 0.00 0.00 2.42 0.96 10.92 1.89 3.29 21.14 5.00

STAT5A 396.00 1.78 5.08 1.11 1.39 2.42 0.96 10.92 1.89 3.29 5.16 5.00

STAT5B 1717.00 5.62 9.24 15.30 12.87 7.71 2.93 5.65 3.92 5.40 8.57 13.60
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201



Appendix B

Table B.8 – continued from previous page

N
a
n
o
c
o
u
n
t
s

A
U

G
U

S
T

U
S

a
ll

C
u
ffl

in
k
s

iR
e
c
k
o
n

e
n
d
s

iR
e
c
k
o
n

fu
ll

m
G

e
n
e

m
G

e
n
e

g
r
a
p
h

m
T

im

S
L

I
D

E
a
ll

T
r
a
n
s
o
m

ic
s

a
ll

T
r
e
m

b
ly

a
ll

T
r
o
m

e
r

TAF1 sp1 270.00 3.95 7.68 3.53 6.24 8.29 1.90 4.49 3.25 10.60 3.29 16.90

TAF1 sp2 326.00 3.95 7.68 3.53 6.24 8.29 1.90 4.49 3.25 10.60 3.29 16.90

TCF12 common T 2427.00 3.95 7.68 8.49 6.72 8.29 1.90 4.49 3.25 10.60 5.40 16.90

TCF3 sp2 T 1214.00 3.95 7.68 0.00 10.25 8.29 1.90 4.49 3.25 10.60 10.60 16.90

TCF3 sp3 T 1102.00 3.95 7.68 0.00 10.25 8.29 1.90 4.49 3.25 10.60 10.60 16.90

TCF3 sp4 1153.00 3.95 7.68 0.00 10.25 8.29 1.90 4.49 3.25 10.60 10.60 16.90

TCF3 sp5 T 1031.00 0.00 0.00 0.00 10.25 0.34 0.00 0.00 0.03 0.09 10.60 0.00

TCF3 sp6 T 1111.00 0.00 0.00 0.00 10.25 0.16 0.00 0.00 0.16 0.11 10.60 0.40

TCF3 sp7 T 1646.00 0.00 0.00 0.00 10.25 0.00 0.00 0.00 0.00 0.00 10.60 0.00

TNFRSF13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.11 0.09 0.00

TNFRSF13C 22.00 3.58 5.18 0.20 0.13 4.31 2.95 2.83 2.27 3.25 0.11 13.50

TNFRSF17 sp1 0.00 11.01 13.89 0.00 0.00 17.69 17.69 17.87 5.46 10.59 0.00 10.10

TNFSF13B 84.00 0.00 0.00 0.01 0.02 0.00 0.00 0.00 0.00 0.17 2.11 0.00

USF1 common T 623.00 7.43 13.41 5.82 4.73 12.48 9.75 0.00 5.35 17.10 3.25 11.20

YY1 11801.00 13.18 12.26 22.80 18.36 15.64 8.02 4.74 10.28 18.42 10.59 29.50

ZIC3 46.00 13.18 12.26 0.00 0.00 15.64 8.02 4.74 10.28 18.42 0.17 29.50

ZNF217 sp3 T 1401.00 9.55 12.50 20.48 15.95 13.87 6.02 12.91 6.90 21.38 17.10 54.30
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Figure C.1: Comparing gene expression between replicates. Gene counts were log2 transformed after
adding the count of one to avoid infinite numbers. Pearson’s R was computed on the transformed read
counts and is displayed in the top left of each correlation plot.
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Figure C.2: Intronic transcript at the Chn2 locus.
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Figure C.3: Hierarchical clustering of transcriptional regulators in ES cells based on distance to Stat3
peaks. For each Stat3 peak the distance to the closest binding site of other factors was derived. The
distance matrix was used as input for hierarchical clustering. Red colours indicate close proximity
while blue colours indicate larger distances. The column on the left indicates peaks associated with
upregulated genes.
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Table C.1: Information on enclosed CD.

File name Description

mm10.ens69.deseq table.[xls/txt] Raw gene counts, FPKM values average
across biological replicates, fold-changes and
P -values for comparisons disussed in Chap-
ter 4.

stat3 annot.[xls/txt] Stat3 peaks annotated with Ensembl genes
pstat3 annot.[xls/txt] pStat3 peaks annotated with Ensembl genes
tfcp2l1 annot.[xls/txt] Tfcp2l1 peaks annotated with Ensembl

genes
tfcp2l1 chen annot.[xls/txt] Tfcp2l1 peaks annotated with Ensembl

genes (Chen et al., 2008)
klf4 chen annot.[xls/txt] Klf4 peaks annotated with Ensembl

genes (Chen et al., 2008)

Full information about differentially expressed genes and Stat3, Klf4 and Tfcp2l1

bound genes can be found on the enclosed CD. Table C.1 lists the files that can be

found on the CD.
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A. Porter, J. Gribnau, K. Hochedlinger, and N. Geijsen (2010). “A murine ESC-like
state facilitates transgenesis and homologous recombination in human pluripotent
stem cells.” In: Cell stem cell 6.6 (June 2010), pp. 535–546.

213



References

Buehr, M., S. Meek, K. Blair, J. Yang, J. Ure, J. Silva, R. McLay, J. Hall, Q.-L. Ying, and
A. Smith (2008). “Capture of authentic embryonic stem cells from rat blastocysts.”
In: Cell 135.7 (Dec. 2008), pp. 1287–1298.

Burdon, T, C Stracey, I Chambers, J Nichols, and A Smith (1999). “Suppression of
SHP-2 and ERK signalling promotes self-renewal of mouse embryonic stem cells.”
In: Developmental biology 210.1 (June 1999), pp. 30–43.

Burdon, T., A. Smith, and P. Savatier (2002). “Signalling, cell cycle and pluripotency
in embryonic stem cells.” In: Trends in cell biology 12.9 (Sept. 2002), pp. 432–438.

Campagna, D., A. Albiero, A. Bilardi, E. Caniato, C. Forcato, S. Manavski, N. Vitulo,
and G. Valle (2009). “PASS: a program to align short sequences.” In: Bioinformatics
(Oxford, England) 25.7 (Apr. 2009), pp. 967–968.

Chamberlain, S. J., D. Yee, and T. Magnuson (2008). “Polycomb repressive complex 2
is dispensable for maintenance of embryonic stem cell pluripotency.” In: Stem cells
(Dayton, Ohio) 26.6 (June 2008), pp. 1496–1505.

Chambers, I., D. Colby, M. Robertson, J. Nichols, S. Lee, S. Tweedie, and A. Smith
(2003). “Functional expression cloning of Nanog, a pluripotency sustaining factor in
embryonic stem cells.” In: Cell 113.5 (May 2003), pp. 643–655.

Chen, X. et al. (2008). “Integration of external signaling pathways with the core tran-
scriptional network in embryonic stem cells.” In: Cell 133.6 (June 2008), pp. 1106–
1117.

Cheng, C., R. Min, and M. Gerstein (2011). “TIP: a probabilistic method for identifying
transcription factor target genes from ChIP-seq binding profiles.” In: Bioinformatics
(Oxford, England) 27.23 (Dec. 2011), pp. 3221–3227.

Chia, N.-Y., Y.-S. Chan, B. Feng, X. Lu, Y. L. Orlov, D. Moreau, P. Kumar, L. Yang, J.
Jiang, M.-S. Lau, M. Huss, B. S. Soh, P. Kraus, P. Li, T. Lufkin, B. Lim, N. D. Clarke,
F. Bard, and H.-H. Ng (2010). “A genome-wide RNAi screen reveals determinants of
human embryonic stem cell identity.” In: Nature 468.7321 (Nov. 2010), pp. 316–320.

Cinelli, P., E. A. Casanova, S. Uhlig, P. Lochmatter, T. Matsuda, T. Yokota, T. Rülicke,
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and G. Rätsch (2013). “Accurate detection of differential RNA processing.” In: Nu-
cleic acids research 41.10 (May 2013), pp. 5189–5198.

Du, J., J. Leng, L. Habegger, A. Sboner, D. McDermott, and M. Gerstein (2012). “IQSeq:
integrated isoform quantification analysis based on next-generation sequencing.” In:
PloS one 7.1 (2012), e29175.

Durinck, S., Y. Moreau, A. Kasprzyk, S. Davis, B. De Moor, A. Brazma, and W. Huber
(2005). “BioMart and Bioconductor: a powerful link between biological databases
and microarray data analysis.” In: Bioinformatics (Oxford, England) 21.16 (Aug.
2005), pp. 3439–3440.

Efroni, S., R. Duttagupta, J. Cheng, H. Dehghani, D. J. Hoeppner, C. Dash, D. P. Bazett-
Jones, S. Le Grice, R. D. G. McKay, K. H. Buetow, T. R. Gingeras, T. Misteli, and
E. Meshorer (2008). “Global transcription in pluripotent embryonic stem cells.” In:
Cell stem cell 2.5 (May 2008), pp. 437–447.

Eichner, J. (2013). “Inference of alternative splicing from tiling array data.” In: Methods
in molecular biology (Clifton, N.J.) 1067 (2013), pp. 143–164.

ENCODE Project Consortium et al. (2007). “Identification and analysis of functional
elements in 1the human genome by the ENCODE pilot project.” In: Nature 447.7146
(June 2007), pp. 799–816.

Evans, M. J. and M. H. Kaufman (1981). “Establishment in culture of pluripotential
cells from mouse embryos.” In: Nature 292.5819 (July 1981), pp. 154–156.

Farthing, C. R., G. Ficz, R. K. Ng, C.-F. Chan, S. Andrews, W. Dean, M. Hemberger, and
W. Reik (2008). “Global mapping of DNA methylation in mouse promoters reveals
epigenetic reprogramming of pluripotency genes.” In: PLoS genetics 4.6 (June 2008),
e1000116.

Fejes, A. P., G. Robertson, M. Bilenky, R. Varhol, M. Bainbridge, and S. J. M. Jones
(2008). “FindPeaks 3.1: a tool for identifying areas of enrichment from massively par-
allel short-read sequencing technology.” In: Bioinformatics (Oxford, England) 24.15
(Aug. 2008), pp. 1729–1730.

Ficz, G., T. A. Hore, F. Santos, H. J. Lee, W. Dean, J. Arand, F. Krueger, D. Oxley,
Y.-L. Paul, J. Walter, S. J. Cook, S. Andrews, M. R. Branco, and W. Reik (2013).

216



References

“FGF Signaling Inhibition in ESCs Drives Rapid Genome-wide Demethylation to
the Epigenetic Ground State of Pluripotency.” In: Cell stem cell (July 2013).

Flicek, P. et al. (2011). “Ensembl 2011.” In: Nucleic acids research 39.Database issue
(Jan. 2011), pp. D800–6.

Flicek, P. et al. (2013). “Ensembl 2013.” In: Nucleic acids research 41.Database issue
(Jan. 2013), pp. D48–55.

French, P. J., J. Peeters, S. Horsman, E. Duijm, I. Siccama, M. J. van den Bent, T. M.
Luider, J. M. Kros, P. van der Spek, and P. A. Sillevis Smitt (2007). “Identification
of differentially regulated splice variants and novel exons in glial brain tumors using
exon expression arrays.” In: Cancer research 67.12 (June 2007), pp. 5635–5642.

Fujita, P. A. et al. (2011). “The UCSC Genome Browser database: update 2011.” In:
Nucleic acids research 39.Database issue (Jan. 2011), pp. D876–82.

Furey, T. S. (2012). “ChIP-seq and beyond: new and improved methodologies to detect
and characterize protein-DNA interactions.” In: Nature reviews. Genetics 13.12 (Dec.
2012), pp. 840–852.

Gafni, O. et al. (2013). “Derivation of novel human ground state naive pluripotent stem
cells.” In: Nature 504.7479 (Dec. 2013), pp. 282–286.

Gardina, P. J., T. A. Clark, B. Shimada, M. K. Staples, Q. Yang, J. Veitch, A. Schweitzer,
T. Awad, C. Sugnet, S. Dee, C. Davies, A. Williams, and Y. Turpaz (2006). “Alter-
native splicing and differential gene expression in colon cancer detected by a whole
genome exon array.” In: BMC genomics 7 (2006), p. 325.

Gautier, L., L. Cope, B. M. Bolstad, and R. A. Irizarry (2004). “affy–analysis of Affymetrix
GeneChip data at the probe level.” In: Bioinformatics (Oxford, England) 20.3 (Feb.
2004), pp. 307–315.

Gentleman, R. C. et al. (2004). “Bioconductor: open software development for compu-
tational biology and bioinformatics.” In: Genome biology 5.10 (2004), R80.

Glynn, E. F., P. C. Megee, H.-G. Yu, C. Mistrot, E. Unal, D. E. Koshland, J. L. DeRisi,
and J. L. Gerton (2004). “Genome-wide mapping of the cohesin complex in the yeast
Saccharomyces cerevisiae.” In: PLoS biology 2.9 (Sept. 2004), E259.

Goffeau, A, B. G. Barrell, H Bussey, R. W. Davis, B Dujon, H Feldmann, F Galibert,
J. D. Hoheisel, C Jacq, M Johnston, E. J. Louis, H. W. Mewes, Y Murakami, P
Philippsen, H Tettelin, and S. G. Oliver (1996). “Life with 6000 genes.” In: Science
(New York, N.Y.) 274.5287 (Oct. 1996), pp. 546–563–7.

Golan-Mashiach, M., J.-E. Dazard, S. Gerecht-Nir, N. Amariglio, T. Fisher, J. Jacob-
Hirsch, B. Bielorai, S. Osenberg, O. Barad, G. Getz, A. Toren, G. Rechavi, J.
Itskovitz-Eldor, E. Domany, and D. Givol (2005). “Design principle of gene expres-
sion used by human stem cells: implication for pluripotency.” In: FASEB journal :
official publication of the Federation of American Societies for Experimental Biology
19.1 (Jan. 2005), pp. 147–149.

217



References

Grabherr, M. G. et al. (2011). “Full-length transcriptome assembly from RNA-Seq data
without a reference genome.” In: Nature biotechnology 29.7 (2011), pp. 644–652.

Grant, G. R., M. H. Farkas, A. Pizarro, N. Lahens, J. Schug, B. Brunk, C. J. Stoeck-
ert, J. B. Hogenesch, and E. A. Pierce (2011). “Comparative Analysis of RNA-Seq
Alignment Algorithms and the RNA-Seq Unified Mapper (RUM).” In: Bioinformat-
ics (Oxford, England) (July 2011).

Graveley, B. R. et al. (2011). “The developmental transcriptome of Drosophila melanogaster.”
In: Nature 471.7339 (Mar. 2011), pp. 473–479.

Griffiths, D. S., J. Li, M. A. Dawson, M. W. B. Trotter, Y.-H. Cheng, A. M. Smith, W.
Mansfield, P. Liu, T. Kouzarides, J. Nichols, A. J. Bannister, A. R. Green, and B.
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H. Niwa, and A. Smith (2012). “Esrrb is a pivotal target of the gsk3/tcf3 axis regu-
lating embryonic stem cell self-renewal.” In: Cell stem cell 11.4 (Oct. 2012), pp. 491–
504.

Martello, G., P. Bertone, and A. Smith (2013). “Identification of the missing pluripotency
mediator downstream of leukaemia inhibitory factor.” In: The EMBO journal (Aug.
2013).

Martin, G. R. (1981). “Isolation of a pluripotent cell line from early mouse embryos
cultured in medium conditioned by teratocarcinoma stem cells.” In: Proceedings of
the National Academy of Sciences of the United States of America 78.12 (Dec. 1981),
pp. 7634–7638.

225



References

Mason, M. J., K. Plath, and Q. Zhou (2010). “Identification of context-dependent motifs
by contrasting ChIP binding data.” In: Bioinformatics (Oxford, England) 26.22 (Nov.
2010), pp. 2826–2832.

Massingham, T. and N. Goldman (2012). “All Your Base: a fast and accurate proba-
bilistic approach to base calling.” In: Genome biology 13.2 (2012), R13.

Masui, S., Y. Nakatake, Y. Toyooka, D. Shimosato, R. Yagi, K. Takahashi, H. Okochi, A.
Okuda, R. Matoba, A. A. Sharov, M. S. H. Ko, and H. Niwa (2007). “Pluripotency
governed by Sox2 via regulation of Oct3/4 expression in mouse embryonic stem cells.”
In: Nature cell biology 9.6 (June 2007), pp. 625–635.

Matsuda, T, T Nakamura, K Nakao, T Arai, M Katsuki, T Heike, and T Yokota (1999).
“STAT3 activation is sufficient to maintain an undifferentiated state of mouse em-
bryonic stem cells.” In: The EMBO journal 18.15 (Aug. 1999), pp. 4261–4269.

Matsui, Y, K Zsebo, and B. L. Hogan (1992). “Derivation of pluripotential embryonic
stem cells from murine primordial germ cells in culture.” In: Cell 70.5 (Sept. 1992),
pp. 841–847.

Maxam, A. M. and W Gilbert (1977). “A new method for sequencing DNA.” In: Pro-
ceedings of the National Academy of Sciences of the United States of America 74.2
(Feb. 1977), pp. 560–564.

Meissner, A., T. S. Mikkelsen, H. Gu, M. Wernig, J. Hanna, A. Sivachenko, X. Zhang,
B. E. Bernstein, C. Nusbaum, D. B. Jaffe, A. Gnirke, R. Jaenisch, and E. S. Lan-
der (2008). “Genome-scale DNA methylation maps of pluripotent and differentiated
cells.” In: Nature 454.7205 (Aug. 2008), pp. 766–770.

Meshorer, E., D. Yellajoshula, E. George, P. J. Scambler, D. T. Brown, and T. Misteli
(2006). “Hyperdynamic plasticity of chromatin proteins in pluripotent embryonic
stem cells.” In: Developmental cell 10.1 (Jan. 2006), pp. 105–116.

Metzker, M. L. (2010). “Sequencing technologies - the next generation.” In: Nature
reviews. Genetics 11.1 (Jan. 2010), pp. 31–46.

Mezlini, A. M., E. J. M. Smith, M. Fiume, O. Buske, G. L. Savich, S. Shah, S. Aparicio,
D. Y. Chiang, A. Goldenberg, and M. Brudno (2013). “iReckon: simultaneous isoform
discovery and abundance estimation from RNA-seq data.” In: Genome research 23.3
(Mar. 2013), pp. 519–529.

Mikkelsen, T. S. et al. (2007). “Genome-wide maps of chromatin state in pluripotent
and lineage-committed cells.” In: Nature 448.7153 (Aug. 2007), pp. 553–560.

Mills, R. E. et al. (2011). “Mapping copy number variation by population-scale genome
sequencing.” In: Nature 470.7332 (Feb. 2011), pp. 59–65.

Mitsui, K., Y. Tokuzawa, H. Itoh, K. Segawa, M. Murakami, K. Takahashi, M. Maruyama,
M. Maeda, and S. Yamanaka (2003). “The homeoprotein Nanog is required for main-
tenance of pluripotency in mouse epiblast and ES cells.” In: Cell 113.5 (May 2003),
pp. 631–642.

226



References

Modarresi, F., M. A. Faghihi, M. A. Lopez-Toledano, R. P. Fatemi, M. Magistri, S.
P. Brothers, M. P. van der Brug, and C. Wahlestedt (2012). “Inhibition of natural
antisense transcripts in vivo results in gene-specific transcriptional upregulation.” In:
Nature biotechnology (Mar. 2012).

modENCODE Consortium et al. (2010). “Identification of functional elements and regu-
latory circuits by Drosophila modENCODE.” In: Science (New York, N.Y.) 330.6012
(Dec. 2010), pp. 1787–1797.

Molenaar, M, M van de Wetering, M Oosterwegel, J Peterson-Maduro, S Godsave, V
Korinek, J Roose, O Destrée, and H Clevers (1996). “XTcf-3 transcription factor
mediates beta-catenin-induced axis formation in Xenopus embryos.” In: Cell 86.3
(Aug. 1996), pp. 391–399.

Morey, M., A. Fernández-Marmiesse, D. Castiñeiras, J. M. Fraga, M. L. Couce, and
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