
EXECUTIVE SUMMARY 

Cis-regulatory modules (CRMs) are regions of non-coding DNA, which act as docking stations for
transcription factors and regulate gene expression levels. CRMs are known to be less well conserved
than coding regions, which is possibly due to the flexibility of the CRM architecture that allows for
major sequence changes without significantly changing the binding landscape of transcription factors.
This flexibility is a major issue for the computational identification of CRMs in genome sequences.

In this project, we developed computational tools to identify orthologous CRMs between two ascidian
species with a highly conserved embryonic developmental programme, but very divergent genome
sequences. We reasoned that orthologous CRMs in these species should respond to the same regulatory
logic (that is harbor binding sites for the same transcription factors), although their sequences are too
divergent to be aligned. The algorithm we developed in this project run in three consecutive steps. 

First, we selected two distantly related ascidian genera, Ciona and Phallusia and in each genus, we
selected 2 species at a suitable evolutionary distance to identify CRMs on the basis of non-coding
sequence alignment (phylogenetic footprinting). 

Second, we developed a software to identify, for a given gene locus, candidate CRMs controlling the
gene's expression within each genus. This algorithm integrated the presence of clusters of candidate
transcription  factor  binding  sites,  or  non-coding  sequence  conservation  within  the  genus,  and  of
predictors of nucleosomes occupancy. To identify the binding sites, we used a novel affinity scoring
system that leverages the depth of information found from a SELEX-seq experiments (high throughput
Systematic Evolution of Ligands by EXponential enrichment). We also developed a novel method to
solve a persistent problem with predicting affinities for SELEX-seq data: the determination of scoring
thresholds below which TF binding may not be significant. The method was validated using known
CRMs in Ciona. In addition, we showed experimentally that this method could be used to predict and
refine the location of CRM for early regulatory genes. 

Third, we developed tools to compare in pairwise manner, for each gene locus, the TF binding site
composition between predicted CRMs in Ciona and Phallusia. We then integrated these data to find
pairs of Ciona/Phallusia CRMs, which maximize the binding site composition overlaps, inrrespective
of the arrangement of the binding sites. These are considered orthologous CRMs, and the shared TF
binding sites are considered functional. We showed that indeed clusters of similar binding sites were
shared  between Phallusia  and Ciona in  the vicinity  of  early  regulatory  genes,  and that  clusters  of
similar  binding  site  composition  were  associated  to  genes  sharing  similar  functional  annotation.
composition.  Although we could only start applying this pipeline at the genome scale, and combining
it with functional genomics data such as ChIP-seq, the results obtained during the project provide a
strong foundation on which the host lab will base further work. 



CONTEXT AND OBJECTIVE

A major challenge in deciphering the genome is to identify and understand the genomic sequences

which  control  the  spatio-temporal  expression  of  genes.  Cis-regulatory  modules  (CRMs),  such  as

enhancers,  silencers,  and  insulators,  regulate  transcription  by  acting  as  docking  platforms  for

combinations of sequence-specific transcription factors (Davidson 2006). CRMs are an important area

of  study  because  variations  within  CRMs  can  directly  influence  human  health.  Genome-wide

association studies for genetic diseases often implicate SNPs outside of gene coding regions (Visel et

al. 2009b). For example, in cancer, single nucleotide polymorphisms (SNPs) within a CRM can have as

great a phenotypic impact as SNPs within protein coding regions (Wasserman et al. 2010). Identifying

CRMs improves the search for disease related SNPs by reducing the search space, allowing researchers

to focus on genomic regions known to influence gene function. Furthermore, variations within CRMs

are thought  to  be a  major  driver  of  evolution  (Carroll  2005).  For  example,  the  loss  of  the pelvic

apparatus  in populations of stickleback fish is  attributable to mutations in  a  CRM of the pituitary

homeobox transcription factor 1 (Pitx1) gene (Chan et al. 2010).

Despite much effort, identifying CRMs has proven difficult. One approach is to identify non-coding

sequences  under  selective  evolutionary  pressure,  i.e.  conserved  sequences  (Müller  et  al.  2002).

Genomes of a broad range of vertebrate and Drosophila species have been sequenced, leading to the

discovery of many CRMs within conserved, non-coding sequences. Multiple related species can be

used to improve the search for CRMs as was done in  Drosophila (Stark et al. 2007). However, the

sequence of CRMs is not always well conserved and can be subject to extensive rearrangement, making

them difficult to align between distantly related species (Kheradpour et al. 2007). Another approach is

to try to understand what sequences compose a valid CRM, which would aid in finding them. However,

experiments that mutate known CRMs (Brown et al.  2007, Khoueiry et al.  2010) have shown that

similar expression patterns can arise from markedly different configurations of the same binding sites.

This flexibility of transcription factor binding site organization is further illustrated by the work of

Hare et al. (2008) who identified the orthologs of a small set of Drosophila CRMs in a highly diverged

species  (Sepsidae).  This  revealed  that  orthologous  CRMs  between  distant  species  have  similar

compositions  of  transcription  factor  binding  sites,  but  not  organization,  and  show  conserved

transcriptional activity patterns. Following the work of Hare et al, we identify cluster of conserved

transcription factor binding sites to identify CRMs conserved between distant unrelated species. 

Even if the functional binding sites of a CRM are known, it is not sufficient to construct a synthetic



CRM de novo with similar activity (Johnson et al. 2008). Other work has identified additional factors

important for CRM activity:

• Regions of  open chromatin  are  often  associated  with regulatory elements  (ENCODE

2007).   Moreover,  transcription  factor  binding  sites  are  frequently  evident  in  these

regions, marked by the depletion of nucleosomes (Kaplan et al. 2009).

• The 3D structure of the DNA can influence transcription factor binding (Parker et al.

2009).

• CRMs can be identified by techniques that detect where transcriptional co-activators are

bound. Specifically, p300, which indirectly binds DNA via transcription factors, has been

shown to frequently bind in a complex at enhancer regions (Visel et al. 2009a).

• Histone modifications mark CRMs, in particular mono-methylation of the fourth lysine

of histone 3 (H3K4me1) (Heintzman et al. 2007).

Interestingly, some of these functional features of CRMs (nucleosome exclusion (Segal et al. 2006),

DNA 3D structure (Parker et al. 2009)) are at least partially encoded in the genome sequence, thus

giving a handle to identify CRMs in silico. 

We  performed  the  work  reported  here  in  several  species  of  ascidians.  Ascidians  are  invertebrate

chordates  that  share  with vertebrates  their  larval  body plan,  but  have  much simpler,  unduplicated,

genomes (Dehal et al., 2002) in which the estimated number of transcription factors ranges from 394

(Wilson et al., 2008) to 669 (Imai 2004; Miwata et al., 2006). This small repertoire allowed the precise

determination of the spatio-temporal expression profiles of most Ciona TFs during development (Imai

et al., 2004; Miwata et al., 2006), and the reconstruction of a preliminary draft of the gene regulatory

networks  driving  early  embryonic  development  (Imai  et  al.,  2006;  2009).  Deciphering  the

DNA-binding specificity of a large fraction of the TF repertoire in Ciona would help improve these

preliminary networks. In addition, because ascidians and vertebrates belong to chordate sister groups,

the DNA-binding specificity of their orthologous factors is likely to be very similar and a Ciona atlas

should contribute to the unravelling of the repertoire of human DNA-binding specificities

Research Objectives

To advance the state-of-the-art in identifying and understanding CRMs, the following objectives were

proposed:

1. Develop an integrative algorithm to identify CRMs and their orthologs. The algorithm will



integrate recent discoveries about nucleosome depletion, open chromatin, DNA 3D structure,

histone modifications, and co-factor binding to improve the search for CRMs. Also, to better

identify the essential portions of CRMs, orthologs of the CRMs in distant species will be found.
2. Analyze and classify CRMS and predict their spatio-temporal activity. The identified set of

CRMs will be analyzed in terms of binding site composition, conservation, DNA 3D structure,

histone modifications, nucleosome exclusion, open chromatin, and co-factor binding to identify

any patterns and to classify CRMs based on these features. These findings will be combined

with known expression patterns to predict the spatial-temporal activity of novel CRMs.



MAIN S&T RESULTS 

Objective 1:  Develop an integrative algorithm to identify CRMs and their orthologs.

The proposed algorithm should integrate the search for conserved clusters of binding sites with recent

breakthroughs in understanding regulatory regions (3D DNA structure and nucleosome exclusion). This

should first be done with the set of Ciona cis-regulatory regions known to contain CRMs, which would

serve to test and validate the algorithm. Next, the CRMs should be refined to determine their essential

sequence features using distant orthologs. The algorithm was then proposed to be used genome-wide to

identify novel CRMs and their distant orthologs. The identified CRMs would also be refined using in

vivo data  on open chromatin  regions,  histone  modifications,  co-activator  binding and transcription

factor binding sites. A subset of results was proposed to be validated with a reporter assay using an

electroporation protocol. Finally, the algorithm should be tested on other animal species to determine

its generality.

SELEX-seq

The  first  step  of  the  algorithm  is  the  identification  of  transcription  factor  binding  sites.  The

identification of the binding sites relied upon work from the host lab that characterized the binding

affinities  of  142  transcription  factors  using  SELEX-seq  (high  throughput  Systematic  Evolution  of

Ligands by EXponential Enrichment). In SELEX assays, a tagged recombinant protein is incubated in

solution with a degenerate mix of double-stranded oligos, comprising two constant ends of ~20 bases

and a central portion of 12 to 24 random bases (Jolma et al. 2010; Cui et al. 19995). Protein/DNA

complexes are selected by chromatography on a column recognizing the protein tag. Bound oligos are

then  amplified  by  PCR  using  the  constant  ends  of  each  oligos.  The

binding/chromatography/amplification  steps  are  repeated  for  3-7  cycles.  Selected  oligos  are  then

sequenced using  next  generation  sequencing technology (Jolma et  al.  2010).  Before  analyzing the

dataset, the constant ends with the bar codes are removed, leaving just the random portion. This results

in tens to hundreds of thousands of oligos likely bound by the transcription factor. This procedure is

illustrated in Figure 1.



Novel Scoring of Transcription Factor Binding Affinities

To leverage the depth of the SELEX-seq data, we developed a novel scoring system for this project

using k-mers (short words). The method is simpler than the traditional method of PWMs (position

weight matrices) (Wasserman and Sandelin 2004) and avoids the alignment of oligos, which is often

difficult  to achieve and can negatively impact  the quality  of calculated affinities.  The basis  of the

method  is the enrichment of k-mers in the set of oligos for each transcription factor. The observed

count of k-mers in the sequenced oligos,  obs, are normalized using the expected count,  exp, of each

k-mer based on the number of sequenced oligos, n, with a random base size of d, as shown in equation

1. 

exp=
n∗(d−k )

4k  (1)

The log10 of this value gives the enrichment score, e, as shown in equation 2.

e=log10(
obs
exp

) (2)

This provides a fold enrichment for each k-mer. Ideally, k-mers that match the length of the binding site

Figure 1: The SELEX-seq combines random oligos with a tagged protein or just the DNA 
binding domain. Oligos bound to the TFs are extracted and sequenced, resulting in a large 
set of oligos bound to the transcription factor covering the spectrum of possible DNA 
sequences that bind the transcription factor.



would  be  used,  which  is  typically  between  8  and  16  nucleotides.  However,  with  the  SELEX-seq

procedure, there are only sufficient oligos to accurately calculate the enrichment for the full spectrum

of 8-mers. To extend the length, consecutive overlapping k-mers are used.

As an example of our scoring system described in materials in methods, we score a genomic sequence

using 6-mers based on the enrichments, as shown in Figure 2. This produces a score for every position. 

To validate the method,  we used a gel  shift  assay to experimentally  determine transcription factor

binding affinities. The quantitative GelShift assays were performed by lab members using a modified

QuMFRA protocol (Man and Stormo, 2001). Probes used were amplified by PCR with Cy5 (test set) or

Alexa-Fluor-488  (reference  probe)  conjugated  primers  (EMSA-PCR  up:  5’  -

CTCAGGGTCGACTTCAGCG - 3’,  EMSA-PCR down: 5’ -  GCTGGTCGACGACTGGTTG - 3’).

Primer sequences were chosen to avoid known TF binding sites by comparison to public TF motif

databases (eg Jaspar, Transfac). Similar amounts of test and reference probes were incubated with 500

ng of protein for 10 min at room temperature in SELEX binding buffer with 0.02% OrangeG as a dye.

The reaction mixtures were then loaded onto a non-denaturing 6-8% polyacrylamide/0.5×TBE gel and

Figure 2: K-mer scoring using 6-mers. The enrichment of each 6-mer in the set of oligos 
from the SELEX-seq experiment is shown on the right. To score a sequence, such as the 
one at the top, it is divided into constituent, consecutive 6-mers. The enrichment of each 
of these 6-mers is found in the table. The window size determines how many consecutive 
6-mers to use to create the score. This procedure produces a score at every position in 
the sequence.



subjected to electrophoresis in 0.5×TBE at room temperature. After electrophoresis, gels were dried,

imaged and analysed for Cy5 and Alexa-Fluor-488 on a FLA-5000 PhosphoImager (Fujifilm). 

The results of the gel shift for 35 sequences binding the HNF4 ortholog were normalized and plotted,

as shown in Figure 3. These same sequences were then scored with PWMs (Wasserman Sandelin 2004)

and our k-mer scoring system. We find that the mer-scoring method more closely follows the affinities

than the more classical PWM scoring method, especially for lower affinity sequences. This may be due

to the fact that PWMs make the assumption of independence of the bases, which our method does not

require.  Using  k-mer  scoring,  the  SELEX  data  can  thus  be  used  to  detect  lower  affinity  sites.

Furthermore, we compared our data to chip-seq data for human HNF4 and found densities of peaks

near the middle of the immunoprecipated fragments as expected. These peaks were more pronounced

and less noisy than the peaks detected with PWM scoring (Figure 4).

Figure 3: A GelShift assay was used to determine accurate binding affinities of DNA to an HNF4a 
ortholog. These affinities were normalized and plotted in descending affinity strength (black line). 
These same sequences were scored using our mer-scoring method (red line) and a PWM scoring 
method (blue line). The mer-scoring method is closer to the true affinities. 



Scoring Threshold

Binding  affinities  represent  the  strength  with  which  a  transcription  factor  binds  to  DNA and  is

estimated using a score such as our mer-scoring method or with a PWM  (Wasserman Sandelin 2004).

However, it is often unknown at which value a particular threshold becomes significant.  High values

presumably represent high affinity binding sites, but there is no established method to determine the

threshold below which scores would represent background, rather than low affinity binding. This issue

is important as Segal et al. (2008) have demonstrated that weak transcription factor binding sites can

contribute to activity of CRMs.

To solve this problem, we used the results of the SELEX-seq experiments and compared distributions

of scores over the whole genome, over random sequences and over all sequenced oligos in SELEX

cycles. As shown in the previous section, we have developed a scoring system that leverages the depth

of  sequencing of  the  SELEX-seq experiments.  Plotting  the distribution  of  these scores  across  one

chromosome (Ciona intestinalis  KhC1), shown in black in Figure 5, shows a Poisson distribution, as

with modeling genetic mutation rates (Luria and Delbrük 1943). We also plotted the score distribution

of random sequences, shown in Figure 5 in red. As expected, the genome scores differ from the random

distribution  because  of  the  AT rich  genomes,  notably  with  FoxDb  and  SoxB2  orthologs,  with  a

dominant  consensus  motif  comprised  entirely  of  A and  T  nucleotides.  The  Fli/Erg-a  and  HNF4

orthologs are  not A/T rich.  For these TFs,  the distribution of scores within the genome match the

distribution of scores on random sequences.

Figure 4: A set of 200 sequences bound to the HNFa ortholog were identified using ChIP-seq by the 
Jussi Taipale lab at the Karolinska intstitute in Sweden. We scored these sequences using our 
mer-scoring technique (bottom) and with PWM scoring (top). The mer-scoring method more clearly 
identifies the bound regions within the sequences with higher scores than does the PWM method.

http://www.genetics.org/content/28/6/491.full.pdf


The distribution of scores of oligos sequenced at successive cycles of the SELEX procedure is skewed

towards high scores as the selected oligos are expected to be enriched in sequences bound by the

transcription factor.  In the earlier  rounds, the distribution is  similar to the random distribution and

becomes skewed towards higher scores in later rounds as expected. Since each oligo likely only binds

one transcription factor, we selected the best score from the oligo, which ideally represents the actual

binding site  (dashed lines).  This distribution often is  well  separated from the genome distribution,

especially in later rounds.  For Erg and SoxB2, a score of 0.4 clearly separates sequences from the

genome distribution from the best scores in the set of oligos. For, longer, more complex motifs, such as

HNF-4 ortholog, the separation is striking (Figure 5). For AT rich motifs (FoxD), the separation is

present but less marked. This could reflect that there is significant binding in AT rich regions. It is

Figure 5: Distribution of transcription factor binding affinity scores for the KHC1 chromosome (black 
line), random sequences (red line), SELEX-seq oligos (other solid lines) from different SELEX rounds, 
and only the best score from each oligo (dashed lines). AT-rich TFs FoxDb and SoxB2 differ between 
the AT rich ciona genome and random sequences. Later SELEX rounds show higher scores. There is a 
clear distinction between oligo scores and genomes except for the case of FoxDb.



noted that FoxA is known as a 'pioneer' factor (Magnani et al. 2011), for opening chromatin associated

with nucleosomes, which are associated with AT stretches. We used a similar strategy for all factors in

our SELEX set, thus defining a threshold for low affinity binding sites for each of them.

Clusters of binding sites, alignments, nucleosomes, and structure.

CRMs are often found in regions with clusters of transcription factor binding sites (Blanchette et al.

2006). To identify clusters, we used transcription factor binding site predictions, using the thresholds

described earlier, in two closely-related species, in which non-coding regions can usually be aligned,

which  allows  for  the  identification  of  putative  cis-regulatory  modules.  We  then  used  our  scoring

system, each binding site to produce a score, which is related to the affinity of the binding site. We

combined binding site scores into a single local score for windows of 100 base pairs in order to identify

short clusters of binding sites. This approach naturally weighs higher affinity sites. 

In addition to the clustering score, we used an alignment score to represent phylogenetic footprinting

(Blanchette and Tompa 2002). A Lastz (Harris 2007) alignment was used between two closely species

of the same genus. We used a window of 101 base pairs (50 base pairs to each side in target genome)

for each base pair. The score is the percent of identical bases. We chose the best score if multiple

scaffolds aligned.

Combining  the  clustering  score  and  the  alignment  score  with  a  previously  published  nucleosome

prediction  score  (Segal  et  al  2006),  allowed us  to  profile  well-characterized  known cis-regulatory

modules such as Snail (Erives et al 1998), Sfrp (Lamy et al. 2006), and Cititf1 (Fanelli et al. 2003).

These  values  can  be  plotted  as  shown  in  Figure  6  for  the  Cititf1  cis-regulatory  module.  In  this

representation, individual points represent individual binding sites with their scores. These scores are

combined  into  two  cluster  scores  (black  lines  for  all  clusters  and  grey  lines  for  conserved),  an

alignment score (green line) and a nucleosome prediction score (blue line). The bars beneath the plot

represent individually tested segments of DNA for CRM activity from Fanelli et al. (2003). Orange

bars represent CRMs with the same activity,  black with reduced activity,  and red with no activity.

Examining the orange bars reveals a distinct CRM region with an alignment (green) and a nucleosome

occupancy (blue) peak. Reducing this area (the black CRMs), reduces the activity. Interestingly, the

clusters plot (black) brackets this region. Such plots suggested that the TF clusters act as brackets or

boundaries. If this was indeed the case, finding the CRMs would be much easier and aid in meeting the

first objective of the project. To test this hypothesis, four known CRMs regions that were suspected not



to be minimal (i.e. contain flanking sequences not needed for activity) were tested. These regions were

shortened  in  order  to  identify  the  critical  components  of  the  CRMs  and  tested  in  vivo  using

electroporation, as described in Khoueiry et al. (2010), to study if regions outside of the clusters of

bindings sites were indeed extraneous.

Figures 7 and 8 show the results of two of these experiments (another two experiments are not shown).

In  Figure  7,  the  entire  plot  represents  one  known  CRM  of  length  847nt,  just  upstream  of  the

transcription start of the Elk ortholog (UTR of first exon  represented by the red bar in the figure).

Figure 6: A cis-regulatory region in Ciona intestinalis of the Cititf1 gene, which extends left of the plot,
starting with the 5' utr. Plot points represent predicted binding sites in Ciona intestinalis, which are 
combined into two cluster scores represented by the black (all) and grey (conserved) lines. Green lines 
represent sequence conservation between Ciona intestinalis and Ciona savigny. Blue lines are 
nucleosome occupancy predictions from Segal et al. (2006). The bars beneath the plot represent 
separately tested sequences for CRM activity. Orange bars represent CRMs with the same activity as 
the parent region, black bars with reduced activity and red bars no activity.



There are two distinct clusters of binding sites. The region between and including these clusters is

represented by the EK3 bar. The region excluded the clusters is represented as EK4. Additionally, a

nucleosome peak region (EK1) and a region corresponding to high GC content (yellow line, EK2), as

well as a region corresponding to the alignment (EK5) were tested. 

Figure 7: A cis-regulatory region in Ciona intestinalis of the Elk gene, which extends 
left of the plot, starting with its 5' utr (in red). Plot points represent predicted binding 
sites, which are combined into two cluster scores represented by the black and grey 
lines. Green lines represent sequence conservation with Ciona savigny. Blue lines are 
nucleosome occupancy predictions. Yellow lines represent GC content. The entire plot 
represents a known CRM of ELK. Sub-regions, represented by bars labeled EK1-5, 
were tested using electroporation.  The region EK4 appears to represent a minimal 
region.



Figure 8 shows the results of the electroporation experiment, in which we cloned the relevant genomic

fragment in front of a basal promoter and a LacZ reporter gene. Activity of these constructs were tested

at both gastrula and tailbud stages. The image in the upper left corner represents the expression of the

original CRM (the entire plotted region) in the tailbud stage. The other images show the expression for

the  sub-regions  at  the  tailbud stage.  Bar  charts  are  shown for  both  stages  with  the  percentage  of

embryos showing expression, compared to the expression of the entire region. The EK3 region had

identical activity as the parental  construct,  as did the regions EK2 and EK5, shown in the bottom

image.  EK4 gave slightly weaker  expression in  the  same territories  and was considered  to  be the

minimal  enhancer.  This  region supported  our  working hypothesis  as  it  is  bracketed  by clusters  of

binding sites. Though more importantly, it was within a conserved region (green peak). In fact, the

conserved region is remarkably precise in delimiting the CRM.

Figure 8: Representative results of the electroporation of the ELK CRMs at the tailbud stage. The bar 
charts show the percentage of embryos with expression in the gastrula and tailbud stages.



Another  CRM example is  shown in Figures 9 and 10,  just  upstream of  the EphrinA-d gene.  This

element is active in both epidermis and mesenchyme. The EA2 fragment would be expected to have the

same expression as the parental region as if  the conserved region was delimiting the CRM, and it

indeed  does.  Fragment  EA3  is  bracketed  by  clusters  of  binding  sites,  and  it  does  show  similar

expression as the parental construct, though weaker. However, the larger region EA1, does not show

the similar expression as expected, as it lacks epidermal expression. These results suggest that the locus

has a complex regulatory logic with inputs from both repressor and activator transcription factors. Yet,

our working hypothesis appears valid.

Figure 9: A plot similar to Figure 7 for the EphrinA-d ortholog. The region EA3 
recapitulates the expression of the original CRM, though weaker. EA2 is the minimal 
region, while EA1 shows different activity from the parent CRM.



Clustering – A Second Approach

We next refined our approach. Instead of identifying clusters of binding sites located in an aligned

non-coding region, we first identified binding sites conserved between the two related species, and then

clustered these sites. In this case, the approach is to identify functional transcription factor binding sites

as those that are conserved in the alignment. Specifically, we consider those transcription factors that

are above a certain threshold in the main species (e.g., Ciona intestinalis), and exist above the threshold

in the second species (e.g. Ciona savigny), at or near (within 5 base pairs) in the alignment of the two

species genomes. From these, we identify clusters of predicted binding sites within a 200bp window, as

shown in Figure 11.

Figure 10: Representative results of the electroporation of the EphrinA-d  CRMs at the tailbud stage. 
The bar charts show the percentage of embryos with expression in the gastrula and tailbud stages.



In the first part of this study, all available transcription factor affinities were used. However, this set

contains many redundant affinities. For instance, most homeobox proteins bind to very similar DNA

sequences.  A stretch  of  DNA containing  a  homeobox binding site  appears  to  bind  many different

transcription factors. In reality, only a few of the transcription factors will be expressed at any one time

in any particular cell. For this reason, we focused on a small set of transcription factors representing

most major transcription factor families expressed at early developmental stages. This set consists of

the  following  genes  (with  their  families):  FoxD-b  (forkhead),  Noto  (homeobox),  SoxB2  (hmg),

Fli/Erg-a (ets),  GATA1/2/3 (ZnF-GATA), HNF4a (ZnF-NR-C4), T-Box6a (t-box), AP2-b (ap2),  and

AP4 (ap4). In addition, these early developmental transcription factors are well characterized in Ciona

intestinalis,  particularly in the 112-cells stage of development. These genes have been well studied

including their expression patterns. Furthermore, we specifically focused on transcription factors that

have orthologs in related tunicate species Phallusia mammillata  and Phallusia fumigata, assuming a

conservation of the regulatory logic between these genera.

The results of identifying conserved binding sites in this small subset of transcription is illustrated in

Figure 11 with a known CRM from the DMRT ortholog (Khoueiry et al. 2010). Each point represents

the location of a conserved binding site and it's score as calculated by the method described earlier.

Each color represents a different transcription factor. The clustering method identifies sets of binding

sites for Sox, Fox and a Homeobox. The Sox cluster contains several binding sites while the Fox and

Homeobox clusters contain only two sites each, both sites have high scores, suggesting high affinity.

Table 1 shows the result summary for the best characterized CRMs in Ciona intestinalis. For most of

the CRMs, many of the known and tested binding sites are found by the clustering method. Note that

the tropomyosin and MBP enhancers are turned on at later developmental stages, and may respond to

other sets of transcription factors.



Figure 11: Predicted binding sites of a DMRT ortholog CRM demonstrating the clustering method. The
points represent binding sites identified in Ciona intestinalis. The y-axis represents the predicted 
strength of affinity of the binding sites. Only binding sites conserved with Ciona savigny are 
represented. The clustering technique identifies several Sox binding sites spaced about 50 base pairs 
apart. Pairs of high affinity fox and homeobox binding sites are also identified.

Table 1: For known CRMs with identified transcription factors, which ones were found with the clustering 
technique.

Known CRM Clusters Identified
T-box
Fox

GATA
Fox
none
none
none
none
Fox and T-box

none
Fox

Snail (Erives et al. 1998)
SFRP (Lamy et al 2006.)
Cititf1 (Fanelli et al. 2003) Ets
OTX (Bertrand et al. 2003) Ets and GATA
Fog (Rothbacher et al. 2007)
RORa (Auger et al. 2009)
Tropomyosin 1 (Brown et al. 2007)
Tropomyosin 2 (Brown et al. 2007)
Troponin T (Brown et al. 2007)
MBP (Brown et al. 2007)
Tbx6b (Erives et al. 1998)
Mesp (Christaen et al. 2009) Homebox, but no T-box
Pitx (Haussler et al. 2010)
Tune (Passamaneck et al. 2009)



We  conclude  that  this  relatively  simple  part  of  the  algorithm  allows  to  predict  the  identify  of

experimentally identified binding sites.

1) Use distant orthology to refine CRM predictions.

One potential caveat of the above method is that because of the relatedness of the two Ciona species,

some putative TF binding sites are likely to be evolutionarily retained for neutral rather than selective

reasons, and thus may not reflect functionality. Comparing the CRMs with orthologs in distant species

should assist in determining the essential characteristics of the CRMs since selective pressure over

longer time periods should exclude non-functional candidate binding sites. Following the methodology

of Hare et al. (2008) in insects, we thus proposed to identify CRMs in distant species and then match

CRMs based on the compositions of binding sites, as shown in Figure 12A. This should at the same

time: 1) allow the identification of orthologous CRMs across long evolutionary distances; 2) identify

within orthologous CRMs the TF biding sites conserved, and thus presumably functional.

The algorithms run in three consecutive steps: in step one, we select two distantly related genera (in our

case Ciona and Phallusia), and for a given gene locus within each genus, use the previous algorithm

between two closely related species to identify candidate CRMs controlling the expression of the gene

of interest within each genus. In step 2, we then compare for each gene locus in a pairwise manner the

TF binding site composition between each CRM in Ciona and each CRM in Phallusia. In step 3, we

integrate  these  data  to  find  pairs  of  Ciona/Phallusia CRMs,  which  maximize  the  binding  site

composition overlaps. These are considered orthologous CRMs, and the shared TF binding sites are

considered functional.

The pairing of the two  Phallusia species will be used to find conserved CRMs, which will then be

matched to the Ciona CRMs based on similar composition of binding sites. As desired, the genomes

show extensive divergence yet orthologous CRMs from distantly related species can retain a similar

function  because  they  bind  the  same  transcription  factors  (Oda-Ishii  et  al.  2005).  Matching  the

orthologs will refine the CRMs and help to identify the essential composition of transcription factor

binding sites (Figure 12B).



Figure  12: A) Matching CRMs in distantly related genomes. Although CRMs cannot be aligned between 
genera, they can be matched according to their transcription factor binding site composition. B) A Venn 
diagram showing the overlap of transcription factor binding sites between the three genera for a matched 
CRM. These sites are more likely to be functional.

Cis-Regulatory Module Identification and matching between Ciona and Phallusia genera

The tunicate Phallusia mammillata is estimated to have separated from Ciona over 300MY ago and its

genome has been sequenced recently in the host laboratory. To identify CRMs in this genome, the

closely  related  species,  Phallusia  fumigata (gneome also sequenced in the  host  lab)  was used  for

phylogenetic  footprinting.  Very  little  if  any  non-coding  sequence  conservation  exists  between

Phallusia and Ciona, making the use of phylogenetic footprinting nearly impossible between the two

genera. To establish the algorithm and provide a proof of principle, we first focused on 8 cis-regulatory

modules  identified  by  electroporation  in  the  species  Phallusia  mammillata.  We  first  looked  for

intra-Phallusia shared TFBS at each of these loci. Figure 13 illustrates the clustering technique applied

to the DMRT ortholog of Phallusia mammillata. The technique identified clusters of binding sites for

Sox, Fox, and Homeobox, just as with the Ciona CRM shown in Figure 13, suggesting that these are

equivalent CRMs. However, it should be noted that the two Phallusia species are more closely related

than the two Ciona species. With less evolutionary time, more conserved, putative binding sites exist,

making the identification of functional binding sites more difficult. This is reflected in Figure 13 in the

denser field of binding sites.



The region around the transcription start site (TSS) of DMRT in  Ciona  and  Phallusia is represented

visually in Figure 14 along with a representation of identified clusters and the sequence conservation

using the ANISEED genome browser (Tassy et  al.  2010). In both species, a region with sequence

conservation exists just upstream of the TSS. There are clusters of Homeobox, Sox, and Fox TFs in

these regions. Additionally, there is an ETS TF cluster in  Phallusia. These regions correspond to the

regions in Figures 12 and 14. Additionally, there is another putative CRM within the first exon of the

gene in both species. These regions contain similar compositions of clustered binding sites and could

possibly represent shadow enhancers (Hong et al. 2008).

This region was tested for activity in Phallusia, shown in Figure 13, and had expression similar to the

Ciona counterpart with a known expression, suggested that this is indeed the same CRM. Additionally,

we identified putative CRMs in  Phallusia near 6 other genes with known CRMs in  Ciona. Three of

these regions (around the nodal, snail, and ADMP orthologs) contained similar clusters of binding sites,

as shown in Table 2.

Figure 13:  The predicted, conserved binding sites of a DMRT ortholog in Phallusia mammillata. Only binding sites 
present also in Phallusia fumigata are shown. This region has a clustering profile similar to the Ciona region of 
Figure 11.



Figure 14: Visual representation of TF clusters of the DMRT ortholog using the ANISEED genome
browser. The exons are displayed as well as the tested CRM regions (in green at the top of each 
region). The plot at the bottom shows the degree of sequence conservation between the pairs of 
Ciona and Phallusia species (in red).



From this section, we concluded that the proposed strategy may be viable and sought to extend it to

genome-wide searces.

2) Search for CRMs genome-wide.

Using our second clustering technique, we finally searched genome wide for clusters of binding sites

conserved across genera and found several thousand putative sites. To validate the approach we focused

our  analysis  on  cluster  of  special  interest.  The  analysis  of  clustered  SoxB2 binding  sites  yielded

interesting results. Many clusters are located immediately upstream of the transcription start sites as

would be expected for CRMs (see below). Furthermore, as shown in Table 3, the densest clusters of

SoxB2 transcription factors  binding sites  are  often  associated  with central  nervous system activity

according to the GO database (The Gene Onotology Consortium 2000). SoxB2 is known to be active in

the CNS in other species (Overton et al. 2002). 

We next tried to correlate the position of our predicted conserved clusters to orthogonal predictors of

CRM. We used two distinct Ciona genomics datasets: ChIP-seq data generated in the host lab at the

early gastrula stage for histone3 lysine 27 acetylation (H3K27Ac), a mark of active enhancers; and the

ChIP-chip  data  at  the  same  stage  generated  by  Kubo  and  colleagues.  The  H3K27ac  dataset  was

obtained late in the project and could only be superficially used for validation. Interestingly, we noticed

that this dataset correlates remarkably well with the Kubo dataset (Figure 15), suggesting either that

most enhancers respond to the set of 11 TFs studied in this study (there are very few zygotic TFs active

at early stags). Alternatively, this very good correlation could reflect the experimental strategy chosen

Table 2: Expression (expr) results of electroporation experiments in Phallusia mammillata (PM) for the 
given genomic coordinates (coords). Known Ciona intestinalis CRMs (CI REG) and their expression are 
also shown. The clusters of binding sites identified in these regions are identified in the last two columns. 
Most of the CRMs were located within open chromatin region as suggested by the data from Kubo et al. 
(20010). 

gene PM expr. PM coords CI REG CI REG expr kubo CI Tfs PM Tfs
DMRT Epi, neural plate scaffold4878:36457-36985 358 neural plate good Sox/fox/homeo Sox/fox/homeo
hesa cre1 epi scaffold531:18087-18345 342 tail epi some sox gata, ap2
admp Muscle,epi scaffold3365:13186-13786 332 lg:endo,epi good noto noto, tbx
foxB epi scaffold2778:214670-214890 346,347 epi,noto,mesc good sox
nodal cre2 epi, neural plate scaffold3778:1275-1770 227,310 epi, nerve cord good,good fli/gata;noto/sox fli/sox/noto
snail cre2 epi, muscle scaffold5177:6855-7320 065 mt:mesc,musc good tbx tbx,gata,ap2
irxb cre1 epi, musc scaffold3794:61318-61855 291 mt: endo, epi ok, near peak sox fli/fox/ap4/tbx/gata
Irxb cre2 epi, musc scaffold3794:61897-62500 291 mt: endo, epi ok, near peak sox tbx/gata/ap2



by Kubo (over-expression of transcription factors prior to immunoprecipitation), and which could have

led to extensive binding of these TFs across the genome in any open chromatin regions, not just those

truly binding the endogenous protein. Interestingly, both the H3K27ac and the Kubo datasets suggest

that major CRMs are located within a few hundred bases pairs of the transcription start sites in both

Ciona and  Phallusia, a finding in perfect agreement with the localization of clusters of binding sites

predicted to be functional using our algorithm.

Table 3: Characterization of SoxB2 clusters across the Ciona genome.

Chromosome Start End # of sites gene id gene name go
KhS1436 7914 8530 14
KhC14 2445143 2445362 11
KhC2 6235130 6235575 10
KhL112 104064 104399 10
KhL4 285301 285689 10 Kh.L4.36 orphan hmg-2 cns, whole embryo
KhL4 286787 287108 10
KhC11 1405658 1405942 9 KH.C11.485 irxb cns (Aa)
KhC11 1418303 1418814 9
KhL19 91280 91470 9
KhS2491 2495 2742 9
KhC1 1485681 1486368 8
KhC1 3802010 3802666 8
KhC12 365848 366351 8
KhC14 322631 322987 8 KH.C14.88 cad-rel-6 cns
KhC2 4104519 4104759 8 KH.C2.133 dhc-beta go (cns development)
KhC3 6289938 6290433 8 KH.C3.411 lefty epidermis
KhC4 2973225 2973464 8
KhC6 262427 262808 8
KhC7 604045 604266 8
KhC7 866067 866190 8 KH.C7.322 go (neuro)
KhC7 5789848 5790030 8 KH.C7.269 orph bHLH nervous syste,
KhL108 420798 421064 8 KHL108.7 go (neuro)
KhL116 8947 9100 8
KhL122 41157 41328 8 kh.l122.11 endoderm
KhL34 53023 53168 8 kh.l34.12 dhc-beta8 go: axoneme
KhL40 109914 110414 8 kh.l40.10 diaphonous go: neuron projection



3) Check the validity of the core algorithm in other animals.

From the  intial  application:  “Ideally,  the  core  algorithm would  be  applicable  to  other  animals,  in

particular mammals. This would have been tested by using the algorithm on human and other animal

genomes and comparing the results with known CRMs for those species, such as those in the VISTA

enhancer browser (Visel et al. 2007). The algorithm will be developed in such a way as to use the

information available, for instance, incorporating sites of p300 binding, histone marks, or orthologs if

available.”

Because of time constraints, and because the pipeline was not sufficiently validated in ascidians, we did

not apply it in other animals, in particular those with particularly large genomes such as vertebrates.

This will be carried out in the host lab in the future.

Objective 2: Analyze and classify CRMs and predict their spatio-temporal activity.

From this initial application: “A large set of CRMs, refined to their essential components using distant

orthologs, will provide a powerful means to elucidate the rules by which functional CRMs are created.

Part  of  the reason for failing to  identify more CRMs is  that  they may be partitioned into distinct

functional  classes,  each  with  its  own  rules.This  classification  will  also  be  used  to  predict  the

spatio-temporal activity pattern of novel CRMs. 

Alternative Hypothesis / Risks for Objective 2

• The distant  CRMs could fail  validation  and diverge  in  function.  With a  large set  of  CRMs,  a

sufficient number of CRMs should retain their  function as was the case of the Otx gene in  Ciona

(Oda-Ishii et al. 2005).

• The identification of the target gene of identified CRMs might be problematic. However, so far, all

Figure 15: Combining the peak signals from the transcription factor binding data from Kubo et al. 
(2010) shows a remarkable similarity to H3K27ac acetylation data (two replicates shown), suggesting 
that the Kubo data is showing open chromatin regions.



known Ciona CRMs control the expression of the closest putative target gene.”

The basis for objective 2 was to analyze a large set of CRMs produced by objective 1. Unfortunately, 

objective 1 only yielded a small set of validated CRMs, making the classification of the CRMs 

difficult. This part of the work will be carried out in the host lab in the future.
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