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Abstract

Although most verified functional elements in noncoding DNA contain a highly conserved core
region, this concept is not generally incorporated into de novo motif inference systems. In this
work, we explore the utility of adding the notion of conserved core regions into a comparative
genomics approach for the search for putative functional elements in noncoding DNA. By
modifying the scoring function for GAMI, Genetic Algorithms for Motif Inference, we investigate
tradeoffs between the strength of conservation of the full motif vs. the strength of conservation of
a core region. This work illustrates that incorporating information about the structure of
transcription factor binding sites can be helpful in identifying biologically functional elements.

[. Introduction

GAMI (Genetic Algorithms for Motif Inference) [1], [2] is designed to identify candidate
functional elements in noncoding DNA, such as transcription factor binding sites (TFBSS).
GAMI uses a genetic algorithms (GA) search to identify patterns (motifs) that recur in
multiple sequences that are being compared. These sequences are often noncoding DNA
from divergent species; conservation of nucleotide patterns between species with common
ancestry is often used as an indicator of possible functional regions [3], [4], [5], [6], [7]. [8]-
GAMI is able to find hundreds of candidate functional elements in a single run, and is able
to work with long sequence lengths, such as 1 million base pairs.

Transcriptional regulation is essential to the differential expression of genes in various
tissues. Therefore, identifying TFBSs is an important step in understanding gene activity.
Furthermore, mutations in TFBSs are responsible for a number of diseases [9], making it
important to understand how genes are regulated under normal circumstances so that
problems can be identified.

TFBSs are frequently chracterized by comparing known sites from multiple DNA sequences
(often across species) and compiling the results into a position frequency matrix. Analysis of
these matrices has shown that TFBSs often exhibit a conserved “core” of adjacent bases with
a markedly higher conservation than surrounding bases [10]. This suggests that some parts
of such TFBSs may be under tighter evolutionary constraint.

By default, GAMI evolves consensus motifs on the A, C, G, T alphabet and the default
fitness function in GAMI is a measure of the conservation of the bases in the evolved motif.
Although GAMI finds 100’s of candidate functional elements in a single run, there is no
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component of the fitness function to encourage motifs with a highly conserved core region.
In the work here, the fitness function is modified to score the full-length motif as well as a
core region, so that both the general conservation and the core-region conservation can be
incorporated.

In the remainder of this paper, Section Il explains relevant background, including both
characteristics of known TFBS and the GAMI system. Section 111 explains the modified
scoring metric. Section IV explains our research methodology, including the the data curated
for this work and the experimental design. Section V describes the results from these
experiements; Section VI explores the interpretation of these results; and Section VI
describes future work.

Il. Background
A. Core Regions of TFBSs

A single transcription factor is frequently able to bind to a variety of nucleotide patterns.
Futhermore, the binding sites for a transcription factor can vary between species. Therefore,
in order to describe the binding sites for transcription factors, a number of reprsentations
have been developed to account for site variability. One popular method is the position
frequency matrix, which is used to characterize known TFBSs that are available in online
databases such as TRANSFAC [11] and JASPAR [12]. This matrix records the frequency
with which each base appears at each location in the binding sites for the same transcription
factor across different sequences. Because the matrix is not specific to a single species or
gene, it can be helpful in identifying binding sites for a transcription factor in other contexts.
For example, Table I is a position frequency matrix constructed from 2000 binding sites for
the RUNX1 transcription factor, which appears in the JASPAR database. The sequence logo
in Figure 1 is a graphical way of showing the position frequency matrix, in which the height
of each letter indicates the degree of conservation at each location. Each of these
representations make it clear that there is a strongly conserved TGTGG motif at the core of
the RUNX1 binding site. Thousands of these matrices now exist, characterizing many
known transcription factor binding sites, many of which exhibit highly conserved core
regions [10].

The greater conservation of core regions may suggest that they have a more critical role in
the function of a TFBS. Nevertheless, studies have shown that the highly conserved core is
often not, in itself, sufficient for binding a transcription factor. For example, a study of the
Nanog transcription factor [13] showed that despite identifying a highly conserved core
region of 6 nt (nucleotides) in a Nanog binding site, 14 nt were required for Nanog to
actually bind to the promoter. A study of the WRKY transcription factors in Arabidopsis
[14] showed that despite being known for binding to a highly conserved Whox element,
flanking DNA sequences were partly responsible for specific binding of different WRKY
family members. Other reasearchers have suggested that in some cases the less conserved
flanking regions might be species-specific areas of the TFBS [15].
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The biological importance of TFBS core regions was shown in an analysis of nucleotide
conservation in bacterial protein- DNA complexes [19]. This work showed a significant
correlation between evolutionary conservation and areas of contact between a transcription
factor and its binding site. A later study suggested that the same result holds for yeast [20], a
eukaryote. In addition, some X-ray crystallography has provided direct evidence of
transcription factor contacts with DNA and the core region of a binding site [17], [13].
Figure 2 shows an example of a transcription factor making contact with its respective
binding site. The computer generated image is based on X-ray crystallography of the
RUNX1 transcription factor binding to DNA [17]. The points of contact between the
transcription factor and the DNA fall within the core region of the TFBS [21].

The existence of core regions in TFBSs may be useful in comparative genomics approaches
to studying transcriptional regulation, such as GAMI. By exploiting the presence of core
regions, such approaches may be able to incorporate a more biologically accurate model
when trying to identify candidate functional elements. This may help reduce the number of
false positives, i.e. identified sites that are non-functional. Currently, gene regulation cannot
reliably be worked out computationally. Instead, computational approaches are frequently
used to narrow the range of tests that need to be performed in the wet lab. Therefore,
reducing the number of false positives is important in decreasing the time and cost of these
experiments. By extending GAMI to incorporate the notion of such conserved core
sequences in transcription factor binding sites, we hope to increase the quality of the
candidate sites that GAMI identifies.

B. The GAMI Algorithm

The target of GAMI’s search is an N-mer that appears at least once in each input sequence.
However, we allow imperfect matches, so a motif does not need to be fully represented in a
sequence. Instead, N-mers that match more strongly are considered stronger motifs. The N-
mer itself is a sequence of N bases from the set {4, C, G, T}. For example, if we are search
for 8-mers, possible motifs identified include CATGCAAT, TAGGAACT, ACTTACGT, etc.

Aside from exhaustive search, there is not an algorithmic way to calculate the best motifs for
a set of sequences, and depending on the number of sequences being examined, the sequence
length, and the motif length, exhaustive search can be prohibitively computationally
expensive. Therefore, most approaches to motif inference use some sort of heuristic search
technique; GAMI uses a GA search.

[1l. Modifications to GAMI for this Work

Our extension to GAMI will focus on the fitness evaluation of candidate solutions. For this
work, we weighted the fitness of candidate solutions to reward those containing the kinds of
conserved core sequences talked about earlier. This should result in a higher probability that
the final GAMI population will contain motifs exhibiting such cores.

The GAMI fitness evaluation uses a metric called “match percent” (MP). To evaluate the MP
of a given motif, the best consecutive match for that motif is located within each sequence.
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There may be more than one best match for a given motif and nucleotide sequence (but this
does not alter the MP score). An example match for the motif AATTAGTG is shown in
Table Il. The (maximum) number of bases matched in each sequence is the score for that
motif with that sequence. The score for the motif across all sequences in the data is the
percent of the overall matches found out of the theoretical maximum possible (number of
input sequences x motif length).

As mentioned above, our approach is to modify the way that GAMI calculates fitness. MP
finds the number of matches for a motif in each sequence to calculate the total percentage of
matches, which is used as the motif’s fitness, as shown in Table 1. Our new scoring method
locates the best match for a motif in each sequence and counts the number of matches per
column in the motif. Then, it slides a “window” through the column scores to identify a
cluster of the highest values (111), which we will consider the core region of the motif. In
both Table 11 and Table 111, the number of matches is the same, but once the core is identified
(the bases with highlighted scores), the score is weighted so the fitness incorporates both the
MP of the entire motif and the MP of just the core region (the weight is user-defined).

Therefore, we added a new parameter to GAMI called Core Score Weightthat represents the
balance between the importance of the core region score and the overall motif score to a
motif’s fitness. Core Score Weight is specfied as a real value from 0 to 1. A value of 0 means
that GAMI should run as normal. A value of .5 means the core region contributes as much to
fitness as the overall motif score. A value of 1 would mean that the core region is the only
part of the motif considered for fitness; this is disallowed, as it would be better then to run
GAMI to look for matifs of the shorter (core region) length directly. The length of the core
region is also a parameter to the system.

This approach was implemented to expediently get a sense of the value of incorporating
conserved core regions into the search. One difficulty with this design is the fact that GAMI
often identifies more than one equally strong match in a sequence for any given motif. These
locations are all reported as part of GAMI’s final results. However, the implementation just
described depends on using a single best match in each sequence. Attempting to consider the
strongest window among all best matching locations in each sequence is a combinatoric
problem that could greatly slow GAMI’s search. However, we are not performing an
exhaustive search. Genetic algorithms such as GAMI attempt to find more optimal solutions
to complex problems without guaranteeing solutions that are the most optimal. Therefore,
for the initial design of this work, when equally good locations for a motif are encountered,
one is selected at random for the core region evaluation. The evaluation is done 10 times,
and the best score of the 10 is used. In the future, this approach will be modified.

IV. Methodology

In prior work, it was established that GAMI is an effective approach to DNA motif
inference. Therefore, for the initial phase of this project, we will focus on comparing the
performance of our extensions to GAMI to its original form. To that end, we will consider
the following pertinent questions:
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A. Data

1. Avre both versions of GAMI able to identify known transcription factor binding
sites in our datasets?

2. Are there differences in the types of candidate functional elements identified by
each version of GAMI?

3. Does the modified scoring function improve the recovery of known transcription
factor binding sites in our data?

For the first phase of this project we identified a biological data set containing as many
known transcription factor binding sites as possible, without examining those sites in
advance to see if they had particular characteristics (such as highly conserved cores).
Nevertheless, the structure of TFBSs varies considerably and we will need to test our design
on a number of different datasets in the future.

We identified the sequence upstream from the G6PC gene as a good candidate for our work
here, based on the number of known TFBSs for this gene listed in the PAZAR database of
regulatory sequence annotation [22]. We searched PAZAR for a gene with greater than five
TFBSs annotated in humans that were present in any noncoding region, excluding the UTRs
(untranslated regions), and which include a variety of different sites. The UTRs were
excluded because they are not annotated for all available genomes, making the dataset harder
to assemble. Known binding sites for the upstream region of G6PC are listed in Table V.

We then curated the noncoding DNA upstream of G6PC from the human genome, as well as
from orthologous sequences in other species, looking in either NCBI’s Gene database and
the Ensembl database. This gave us sequences from 38 different species. We excluded
sequences containing any N’s, leaving us with 20 different sequences. The fish species
contained more than one copy of the G6PC gene and so only the upstream of the first one
annotated was used. The sequences are described in Table IV.

B. Parameter Settings

In this initial work we are comparing our modifications of GAMI to its unmodified form.
Therefore, we did not focus on tuning the parameter settings. We simply used settings that
have worked well on other projects, since any differences between the orignal GAMI and
our modified version should still be apparent.

For all experiments reported here, we used a population size of 1,000, a crossover rate of
0.8, and a mutation rate of 0.02. The number of trials was set at 50,000 (which refers to the
number of fitness function evaluations; due to elitism and the ability to recognize when a
reproduction operator has no effect, there is not a clean mapping between the number of
trials and the number of generations). Fifty percent elitism was used to preserve the best 500
distinct motifs in the population every generation. Therefore, at most 500 new motifs are
created every generation, and the result of a run can be considered the 500 best solutions in
the final population. The 80 percent crossover rate means that 80 percent of the remaining
motifs are candidates for crossover (a total of 400). The 2 percent mutation rate means that a
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nucleotide in a solution has a 2 percent chance of being set to a random value (possibly the
same as it was before). Rank-based selection was used.

As described previously, two new parameters were added for this work: Core Region Length
and Core Score Weight. Core Region Length specifies the length of window used to look for
the region of highest conservation within a TFBS. Core Score Weight specifies the
percentage of the total score that the core region should account for. In the experiments here,
we used Core Region Length and Core Score Weights of 0/0, 4/0.1, 4/0.5, and 4/0.9.

We ran GAMI using motif lengths of 6, 7, 8, 9, 12, 13, and 15. These lengths correlate to the
lengths of the known binding sites in Table V. Normally, the lengths of candidate functional
elements will not be known in advance and we would run GAMI using a variety of motif
lengths. Since we have the lengths for known functional elements in this dataset, we ran
GAMI with these lengths in order to make the results easier to interpret. However, the motif
length does not need to be exact. For example, a motif length of 15 should find the locations
of candidate functional elements that are slightly shorter or longer.

C. Experimental Design

We limited the input sequences to the 1000 bases immediately upstream of G6PC in order to
make our evaluation more clear. If we included the entire noncoding region upstream of
G6PC, then GAMI would identify many candidate solutions but would not be as focused on
the area containing the currently known TFBSs. Since we would not be able to tell which
method finds more of these unknown TFBSs, this would make it harder to see if the core
region extension is beneficial.

As described in the parameters section above, we ran GAMI using four different Core Score
Weight settings doing twenty experiments at each setting. (Multiple experiments are called
for due to the stochastic nature of genetic algorithms.) This allows us to compare the
efficacy of different Core Score Weight settings with this data set. We then checked the
results of each set of experiments for the recovery of the known transcription factor binding
sites listed in Table V. A successful recovery is defined as a match that is located in the same
location in the human genome as one of the binding sites from Table V, rather than matching
the sequence of nucleotides given. This is for two reasons:

1. GAMI finds consensus motifs. This means that each base in the motif represents
the most highly conserved base at that location across all of the input sequences,
which may not match the sequence given in Table V.

2. GAMI may find a sequence that matches the known transcription factor binding
site at another location in the input sequence. Although it may be functional, the
sequence alone does not determine functionality. True functionality is a result of
complex interactions including the sequence, the conformation of the strand,
interaction of the transcription factor with other proteins or RNA, and many
other elements.

Furthermore, we will not demand that the location is a precise match but that it is within one
base of the known binding site. Frequently, the areas surrounding a TFBS are also well
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V. Results

conserved, which can lead GAMI to find a motif that is located near the functional site.
However, allowing matches to be any further off could confuse which site was found in the
case of overlapping TFBSs. For example, the binding sites with accession numbers
RS0001888 and RS0001889 (Table V) would be ambiguous if matches were any further off.

The results of the experiments are shown in Table VI. In general, the TFBSs with lengths
6-9 were recovered at all settings, although the the placement was slightly less accurate at
Core Score Weight (CSW) settings of 0.1 and 0.5 for these TFBSs. Recovery of the longer
motifs was less consistent. One of the TFBSs of length 12 (RS0001886) was recovered by
the unmodified GAMI and using a CSW of 0.9. The other TFBS of length 12 was not
recovered at any setting. Out of the two TFBSs of length 13, RS0144884 was recovered only
using a Core Score Weight (CSW) of 0.9, and RS0144885 was only recovered using a CSW
of 0.1. Finally, the only setting that recovered the length 15 TFBS, RS0001884, was the
CSW of 0.1.

The candidate solutions identified by all experiments were also analyzed for conservation
and complexity.

. Conservation. The mean conservation of all motifs using their best locations in
each sequence. In other words, conservation is a measure of how well the motif
matches the input sequences. The results of this analysis are illustrated in Figure
3.

. Complexity. The mean complexity of motifs was measured as in Fogel, et al.
[10],

K= %logN (ﬁv—n') 1)

1
l

where K'is complexity, wis motif length, /=4 (the number of types of bases),
and n;is the number of nucleotides of type 7, where 7is an element of {A, 7, G,
C}. This is a measure of how well represented each base is in the motif, giving
motifs with a more balanced representation of each base a higher score. The
complexity score was normalized [1..100] so that it could be compared between
motifs of different lengths. The results of this analysis are illustrated in Figure 4.

In Figure 3 there are clear differences in how well motifs are conserved between the
unmodified GAMI and runs using various Core Score Weight settings. At all motif lengths, a
CSW of 0.1 results in motifs with a higher average conservation across the input sequences.
Conversely, a CSW of 0.9 results in motifs with a lower average conservation for motif
lengths greater than 7.

Similarly, there are differences in the complexity of motifs recovered at various Core Score
Weights (Figure 4). For motif lengths 6-7, the unmodified GAMI recovered more complex
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1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Thompson and Congdon Page 8

motifs than any of the CSW settings. For motif lengths 9-15 CSW settings of 0.5 and 0.9
recovered more complex motifs than either the unmodified GAMI or a CSW of 0.1 (which
were about the same).

VI. Discussion

The results in Table VI show that shorter motifs are more easily recovered than longer
motifs in this data set at all Core ScoreWeight Settings. This is not surprising given two
factors:

1. The longer the TFBS, the more likely that mutations will occur [23]. If one
considers that each base has some probabiliity of mutation, then the longer the
sequence considered, the greater the probability that at least one base in that
sequence will mutate in any given period of time. Therefore, it is more likely for
a longer TFBS to have less conservation than a shorter one in a given set of input
sequences, which may make it harder to recover.

2. The length of the core region is not proportional to the length of the TFBS. Many
observed core regions are 4-5 bases long. These more highly conserved areas
therefore occupy a greater proportion of the length of short TFBSs, possibly
making them easier to recover. That being said, as one study showed [10], core
regions as annotated in the TRANSFAC database or by tools such as
Matlnspector [21] use an arbitrary definition of core length, so the relationship of
core length to TFBS length is currently hard to assess with certainty.

Table VI reveals that Core Score Weight settings of 0.1 and 0.9 were the most effective at
recovering known TFBSs in this data set, each recovering one more site than the unmodified
GAMI. When the CSW was set to 0.5, the fewest sites were recovered, and no sites longer
than 9 bases were recovered. However, the unmodified GAMI tended to recover the exact
location of the known TFBSs more frequently than when the CSW was set.

It is difficult to know exactly why an individual solution occurred, but we can consider the
likely impact of the parameters. A CSW of 0.1 means that the core region should comprise
10% of the candidate solution’s fitness score. In some cases this will not be enough to make
individuals with strong cores but more weakly conserved flanking areas score better than
motifs that have no strong clusters of conservation. However, in other cases, such a setting
will provide a small boost to the score of an individual that would normally score a little too
low to be preserved. A CSW of 0.5 balances the importance of the core region equally
against the overall conservation. A CSW of 0.9 means that nearly all of the motif’s fitness
score would be based on its core region. This is akin to searching for short motifs and
therefore should have little effect on the recovery of short TFBSs, as in the results we
present here. Although the setting would ignore most of the impact of flanking areas in
longer matifs, possibly making them harder to identify, it would also be the setting least
impacted by noise in the data.

Conservation of motifs across the input sequences is GAMI’s primary filter for identifying
candidate functional elements. However, we were not surprised to see that the CSW setting
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of 0.9 reduced the overall conservation of most recovered motifs (Figure 3). This setting
strongly emphasizes conservation in a relatively short core. Therefore, the overall
conservation has only a small impact on a motif’s score, and we would expect to see a
greater number of motifs with lower overall conservation. However, that does not necessarily
make a CSW of 0.9 less useful than other settings. Although conservation can be a good
indicator of possible functional areas in the noncoding DNA, conservation does not equal
functionality. Furthermore, there are functional elements of noncoding DNA that are not
directly involved in transcriptional regulation [24]. Therefore, our goal was to filter out some
of the highly conserved but less likely to be transcriptionally functional elements in favor of
those that show characteristics more in line with those observed in true transcription factor
binding sites.

Figure 4 shows that the core region extension to GAMI finds motifs that have a different
structure than those found by the unmodified GAMI. In particular, at CSW settings of 0.5
and 0.9, the motifs were less likely to be homogeneous sequences of a single nucleotide, for
example AAAAAAAAAAAA or other simple sequences. Although such sequences can play
a functional role [24], they are less likely to be the TFBSs we are searching for. After all,
TFBSs function as recognition sequences, and homogeneous sequences carry little
information. Nonetheless, a CSW setting of 0.1 recovered as many known TFBSs as a CSW
of 0.9, so it may be that the complexity is not as important as the core region in filtering for
biological function.

It is interesting that the most extreme CSW settings of 0.1 and 0.9 recovered the most known
TFBSs in our dataset. In fact, between the two settings, all but one of the known sites were
recovered. This may reflect the varying structure of TFBSs and suggest that different
settings will aid in the recovery of different types of TFBSs. For example, a low CSW may
help us identify the true TFBSs in areas of higher conservation, while a high CSW may help
us identify TFBSs in areas of noise.

Although our results suggest that looking for motifs with highly conserved core regions is
useful in identifying biologically functional TFBSs, this study cannot provide conclusive
evidence. There are no noncoding regions for which every TFBS has been annotated.
Therefore, we cannot be sure that GAMI identified more or fewer functional sites using any
of the settings without validating all our solutions in the wet lab. All we can say for certain is
that using CSW settings of 0.1 and 0.9 on this data identified three known TFBSs that were
missed using the unmodified GAMI.

It seems likely that the core regions extension to GAMI presented here will be the most
beneficial for recovering TFBSs that exhibit strongly conserved cores. Matrices in public
databases suggest that many, but not all, TFBSs exhibit these cores. However, some TFBSs
seem to contain more than one highly conserved cluster that could be called a core region
[10], which our current tool does not address. Therefore, we expect our results will vary by
dataset.
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It is also worth noting that GAMI sometimes finds more than one motif that refers to the
same location, or more than one motif equidistant from the same location (e.g. both 1 base
away). In all cases we have listed the results for the highest ranked motif.

Our results suggest that incorporating the notion of highly conserved core regions into the
search may be helpful in identifying biologically functional elements. We also found that, at
least with this data, Core Score Weights of 0.1 and 0.9 lead to better recovery than other
settings. Additionally, we found that in longer motifs (= 9 nucleotides), CSW settings 0.5 or
0.9 identified motifs of greater complexity than the original GAMI.

VII. Future Work

The work presented here represents a preliminary investigation into the merits of
incorporating the idea of highly conserved core regions into the search for candidate
functional elements in noncoding DNA. Much work remains to understand this idea futher.
For example, it is important to understand how the TFBS that were not found in Table VI
scored, relative to others in the final GAMI population to understand why they are not found
by the search. Additionally, of course, it is important to assess this approach on additional
datasets. Furthermore, the method of selecting the location of the core is unsatisfactory and

needs refinement, for example, by adding an integer to the GA string to represent the
location of the core, so that that facet of the solution will be subject to search. Finally, it
might be advantageous to adapt this idea to handle cases in which there is more than one
highly conserved core.
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Fig. 1.
Sequence logo of the RUNXZ1 transcription factor from the JASPAR database.
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Fig. 2.

Agcomputer generated image of the RUNX1 transcription factor (green) binding to DNA
(red and orange). The core region of highest conservation in its JASPAR matrix is labelled
on the image. Protein-DNA contact points are circled in blue. The image was generated
using the Protein Workshop [16] from data obtained by X-ray crystallography [17] and
retrieved from the Protein Data Bank [18] (PDB ID: 1HJC).
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Fig. 3.

Mean conservation of motifs across all runs. The conservation is given as a percentage of
matches through the input sequences. A Core Score Weight (CSW) of 0.0 refers to the
unmodified GAMI.
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Fig. 4.
Mean complexity of motifs across all runs. Complexity is calculated as in Equation 1.
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Known TFBSs in the Human Genome Upstream of G6PC from PAZAR Database

TABLE V

PAZAR Regseq ID  Transcription Factor  Binding Site Sequence  Strand
RS0001890 CEBP CAACCT +
RS0001887 HNF3 TGTGTGC +
RS0001888 HNF3 TGTTTGC +
RS0001891 HNF3 ACAAACG +
RS0001893 HNF3 CCAAAGA +
RS0001889 CRE TTGCATCA +
RS0001892 HNF3 GTTTTTGAG +
RS0001885 HNF4 AAGAAGCATGCC +
RS0001886 HNF4 GCCAAAGTTAAT +
RS0144884 HNF4 AGTGCAAGGGTCT -
RS0144885 HNF4 AGGACAGAGTCTA -
RS0001884 HNF1 AGTTAATCATTGGCC +
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