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Finding regulatory motifs in front of genes can be approached in a variety of ways. If only sequences/genomes are
observed, two complementary methods are: Observing independent genes with some commononality to their
regulation and then search for common segments to these genes. An example of this approach is Lawrence et al.
(1993). An alternative is footprinting that takes related genes and searches for slowly evolving segments or even
more powerful, segments with a common mode of evolution (Satija et al. (2010), Moses et al., (2004)). We will
mainly be concerned with footprinting, but the framework can be extended to incorporate independent sequences as
well.

Alternatively or supplementary to the above pure sequence approach additional data can be available and this
situation is increasingly predominant. Four major sources are expression levels, ChIPSEQ, nucleosome positioning,
and DNA Hypersensitive Sites (DHS). A few comments on each:

1. Many genes and their expression levels are observed and it is then investigated, which signals in front of them
are responsible for the expression level. Footprinting has been explored in many papers by now — recently in a
series of papers by Rahul Satija, that also combines this with statistical alignment. Some of the first papers to use
expression levels to define signals were Bussemaker et al. (2001) and Conlon et al. (2003). “The set of possible
signals” is too large and Conlon reduced this considerably, by only investigating a pregiven subset of motifs. The
effect of each motif was then determined by regression: the observed expression levels were fitted as a linear
combination of effects from the possible signals as shown below. The assumptions of linear effects are often
referred to as Omes Law.
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Yy is the observed expression level of gene g. o is basic common expression level, Bm is the effect of motif m, Smg is the 1/0 dependent of
presence/absence of motif m in front of gene g. &g is a gene specific error gaussian error term.

There are many natural extensions and isssues to this simple setup. Three major are: motifs = effect, set of motifs
and finally inference in the many models thus defined. The first, motifs = effect, is above assumed to be linear and
independent, but could be considerably more complicated functions of a set of motifs and possibly involving
concentration of regulatory molecules. Given the the size of the general solution space and the noisiness of the
available data, it is reasonable to simplify in the first attempts at analyzing this problem and become more general,
when data analysis, demonstrates the need. The first simplifying assumption is linearity and independence of
effects, the second is to only consider small set of non-overlapping motifs. Inference can now be done by a
sequential greedy standard goodness of fit where the best motif repeatedly added until no significant increase is
obtained in fit.
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ChIP SEQ experiments will give information on where a given protein (typically a regulatory molecule) interacts with DNA, but a considerable amount of
error. Since the true protein-DNA interaction site is assumed to the be the regulatory motif, this experiment is highly infomative.

2. ChIP-SEQ experiments can give information on the TF DNA interaction position, but originally only within
1-2 kb, but this clearly is valuable information considering the genome is about a million times longer - 3 Gb
long. Several papers (Liu et al., 2002; Lun et al., 2009) have made models that used this information to predict motif



positions. Since many independent observations can be made, the final estimate of the TF-DNA interaction position
can be be quite narrow.

3. Several related experiments give information on the approximate locations of control elements in the genome.
ChipSeq and its relatives (which, for example, detect DNAse hypersensitive sites, and nucleosome positioning Segal
et al.(2006), Narlikar et al.(2007a,b))) can be used to refine the search for motifs as they reduce the size of the search
space several orders of magnitude. However the experiments also have technical limitations — the data are imperfect
— and, more importantly, the regions identified vary by tissue and developmental stage. There may also be variation
caused by differences in the genetic background: a region may be deleted in some individuals, or the presence of
SNPs within the region may inhibit binding, or the activity of a site might be influenced by variation elsewhere.

By collecting data on variation of genome sequence, transcriptome and control elements in a defined set of
conditions (tissues and developmental stage) in the same individuals it may be possible to understand precisely
which DNA variants control levels of transcription and how this varies between tissues.

Combining the above additional sources of data with footprinting or motif overrepresentation has two major
advantages: Firstly, it allows a rational selection in the set of possible signals to a much smaller set. Secondly, it
allows simulataneous analysis of extra data from different species. Footprinting/motif overrepresentation can
handle multiple pregiven signals, so incorporating an observed expression level to the likelihood function is in
principle straightforward. A main issue is to make computations realistic.

Project. The aims of this project are to identify the binding sites that control transcription and sequence variants
that modulate it. Optimal data analysis will use all sources of information simultaneously. It would be of major
interest to develop a unified approach and quantify the value of different sources of data and apply this to simulated
data and a very well defined data set.

Plan.

*  Week 1-2: Read key papers from the literature list and make prelimenary contents of the report.

* Week 3-5:  Use Chip-Seq data to identify approximate locations of regulatory regions (up to 200bp) and

search for motifs within these regions
*  Week 6-8: Use genome variation data to find sequence variants in the predicted regulatory regions
*  Week 9-10: Correlate gene expression (RNA-Seq) data with DNA variation identified above.
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