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Abstract

DNA motifs, or cis-elements, are short nucleotide sequence patterns recognized by various tran-
scription factors (TFs). In promoters, these TFs bind in a complex combinatorial manner in order
to regulate the expression of a downstream gene. The combinatorial space is frequently large and
difficult to manage since vertebrates have thousands of transcription factors and more than 20,000
genes. We introduce a computer program called CAYCE (Combinatorial AnalYsis of Cis-Elements)
that systematically detects statistically overrepresented DNA motif association rules independent
of Microarray information. CAYCE is an adaptation of the apriori algorithm traditionally used
for association rule mining, but offers three significant advancements. (1) It analyzes multiple
occurrences of an item, corresponding to multiple TF binding sites, (2) It compares results with
a biologically relevant background, and (3), it provides p-values for straightforward statistical in-
terpretation. CAYCE can be easily applied to any item-set data where the investigator is also
interested in multiple occurrences of a single item, and/or overrepresentation of association rules
compared with a background. Applying CAYCE to human promoters in 1% of the human genome,
we discover that motif clusters containing five repetitions of SP1 are the most statistically signifi-
cant.
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1 Introduction

Computational prediction of transcription factor binding sites (TFBS) in the form of DNA motifs or
cis-elements is common practice in computational biology. These algorithms come in several flavors:
Expectation maximization (MEME [4], Improbizer [3]), Gibbs sampling (AlignACE [18], GLAM [11],
MotifSampler [26]), simple word counting (YMF [24, 25|, FindExplanator [5], MITRA [9]), position
specific scoring matrix scanning (ANN-Spec [31]) by greedy algorithm (Consensus [16]), and multi-
species comparisons [32]. The result of this analysis typically yields a list of motifs and their respective
TFBS locations, although it is well known that these predictions have high false positive rates in eu-
karyotic genomes. One way to prune out these false positives is to rely on the biological insight that
truly functional TFBS often appear in clusters, modules, or regulatory circuits [13, 29]. Various tools
have also been developed to model these motif modules, again with an assortment of flavors: Hidden
Markov models (MetaMEME [14], Cluster-Buster [12]), Gibbs sampling (Gibbs Module Sampler [27]),
Monte Carlo motif screening (EMCModule [15]), and hierarchical mixture modeling (CisModule [33]).
Because of the computational complexity of these algorithms, many module finders recommend a limit
on the number of motifs inputted to the program. Many also require complex model parameters to be
pre-specified, and it is often difficult to get simple statistics for the key motifs in those modules. Moti-
vated by these existing shortcomings, we developed a tool called CAYCE: Combinatorial AnalYsis of
Cis-Elements to extract significant combinatorial relationships among motifs, providing intuitive and
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biologically familiar assessment statistics such as conditional probabilities and p-values. The main
advantage of CAYCE is its simplicity in reporting, providing the investigator with an intuitive un-
derstanding of the motif distributions in her dataset. It helps the investigator answer three pertinent
biological questions in module identification: What are common combinatorial rules governing asso-
ciations among different motifs? Which motifs have repeated binding sites? And how many times
is this motif repeated? While CAYCE is not a module finder per se, it does provide an informative
compilation of relevant motif combinations that can be used as inputs to guide a module finding al-
gorithm. In this sense, CAYCE bridges the gap between motif discovery and module discovery. In
actuality, CAYCE is highly versatile. It can be used as an initial exploratory tool since it does not
require the use of expression information. An investigator can use it to compare motif combinations by
randomizing the current sequence set, versus randomizing a biologically relevant background sequence
set. It can even be used after cluster/module discovery to determine directional relationships among
motifs within those clusters/modules.

CAYCE is a biological adaptation of a well-known association rule mining algorithm called apriori,
first developed by Agrawal et al. in 1993 [1, 2, 6, 7], and the current implementation is by Borgelt
et al. [6, 7]. The apriori algorithm has been widely used in e-commerce and marketing, allowing a
retailer to automatically generate personalized product recommendations based on one’s transaction
history and other transactions made with similar item selections. It employs breadth-first search and
uses a hash-tree structure to efficiently enumerate item sets and discover important associations based
on a support and confidence framework. In the classical example, the transaction histories of several
customers are stored in a database. Customer A buys bread, milk, and cheese; customer B buys bread
and milk; and customer C buys bread and cheese. Item sets can be formed by any subset of bread, milk
and cheese, and association rules relate the occurrence of one item set with another. The association
rule describing how likely a customer who buys cheese also buys bread is expressed as bread«—cheese,
where cheese is the antecedent and bread is the consequent. This association rule is evaluated by its
support, defined as the joint probability of observing the consequent and the antecedent together, in
this case P(bread N cheese). It is also evaluated by its confidence, defined as the conditional probability
of observing the consequent given the antecedent, in this case P(bread|cheese). From the transaction
histories of customer A, B, and C, we can see that the bread«—cheese association rule is quite favorable
since its support is 2/3 (66%), and its confidence is 2/2 (100%).

While it may not be very interesting to analyze how many loaves of bread a customer buys, how
many times the same sequence motif appears is correlated with its binding in living cells. Analyses
of TFBS verified by ChIP experiments have shown that TFBS frequently have many repetitions of
the motif, although the precise number is unknown [20]. We have adapted our computer program
CAYCE to handle these repetitions by appending a counter to the end of an item, and then filtering
out trivial rules from the output. We have also adapted CAYCE to analyze association rules relative
to a user-specified biologically relevant background because biological signals are frequently context
dependent [10, 28]. For example, an investigator interested in discovering association rules among
motifs in the promoters of housekeeping genes will observe different significance levels depending on
the background, whether it is composed of randomly shuffled item sets or a biologically dissimilar
sequence set (i.e. promoters of tissue specific genes). Our computer program CAYCE is equipped to
perform both of these analyses.

We were also dissatisfied by the interpretability of the support and confidence measures, and wanted
to obtain a more statistically and biologically familiar metric of evaluation. We insisted on obtaining
a p-value for an association rule despite the computational cost. By randomly shuffling the item sets,
re-distributing them according to the size of each transaction, and performing this randomization
1000 times, we obtain a distribution of confidence scores for a given association rule. The central
limit theorem dictates that the resultant distribution is normal, and the p-value is obtained from the
Z-score of the confidence of a rule.
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2 Methodology

An investigator can discover common combinatorial rules among different motifs by examining out-
put from the unique item set analysis, find out which motifs are repeated, and how many times by
examining output from the multiple-occurrence item set analysis. We also remove redundant asso-
ciation rules that can easily confuse the investigator. For example, examining the rules A«—B.1 and
A+B.2 individually does not reveal the relationship between A and B in general. A more appropriate
formulation would first examine the relationship between A and B without repetition (A«B), and
separately examine any repeating occurrences of A or B (B.i«-B.j and A.i«—A.j). The drawback of
this separation, however, is that the probabilities of observing a single item (i.e. P(A) and P(B))
are underestimated in the unique item set analysis because repetitions are removed. They are also
underestimated in the multiple item set analyses because sequences that contain only singly occurring
motifs are removed from the calculation. We are developing new ways to circumvent this drawback
and they will be included in newer versions of CAYCE.

2.1 Handling Multiple-Occurrence Item Sets

A list of motifs in promoters is separated into two files containing: (1) unique item sets and (2) multiple-
occurrence item sets. They are separately analyzed using the apriori algorithm, but output from the
multiple-occurrence item set list is further filtered to remove trivial and non-essential association rules.
For example, four promoters contain motifs A, B, C, D and E.

Foreground:
Pll
PQI
P3:
P4:

, C

)

QAW >
QW

B
E

)

2.1.1 Unique Item Sets

A file that contains only unique item sets is created, and the apriori algorithm is run with this input:

Pi: A

PQZ A, B
P3: B, C
P, C,D,E

2.1.2 Multiple Item Sets

A file that contains only multiple-occurrence item sets is created, and the apriori algorithm is run
with this input:

Pli A.l, A2

Po: B.1, B.2, C.1, C.2

Output from the apriori algorithm is passed through two filters. (1) Rules involving different
motifs of the form Xi < Yj where X # Y are removed because these relationships are captured in the
unique item set analysis. (2) Trivial rules of the form X.i «— X.j where i < j are removed. These rules
are pruned out if the maximum repetition in the consequent is less than the maximum repetition in
the antecedent of the rule (MazRep(i) <MazRep(j)) such that rules with more than one repetition in
either the antecedent or consequent is first collapsed to a simpler form. For example, the rule X.1,
X.2 « X.3, X4 is first collapsed into X.2 «— X.4 and since 2 < 4, it is eliminated from the output set
of rules.
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2.2 Statistical Overrepresentation
2.2.1 Foreground Randomization

The aggregate list of items from promoters in the foreground is shuffled, and re-distributed according
to the number of motifs in each promoter.

Aggregate list: {A, A, B, B, C, B, C, C, D, E}
Shuffled list: {C, B, E, A, B, C, C, D, A, A, B}
Re-distribute:

P1: C, B

Ps: E, A

P3: B,C,C,D

Ps: A, A B

One thousand randomizations produce new lists that are then split into unique and multiple-
occurrence item sets for efficient analysis by apriori. The effect of this shuffling is to randomize the
joint probabilities of observing more than one item P(X;NXs...NX,), but fixing the probabilities of
observing a single item P(X,).

2.2.2 Background Randomization

A different aggregate list of items is obtained from biologically relevant promoter sequences forming
the background set. It may contain motifs not identified in the foreground set (although only motifs
in common will be evaluated), and may be distributed differently:
Background:
P1: B, C
Py E
P31 A, B, C
Ps: A A F
Aggregate list: {B, C, E, A, B, C, A, A, F}
Shuffled list: {C, F, A, B, B, C, E, A, A}
Re-distribute:
Pi: C,F
PQZ A
Ps: B, B, C
Ps: E, A A

One thousand randomizations are also performed, but in this case, the probabilities of observing
a single item P(X,,) is no longer fixed by the foreground.

2.3 P-Value Estimation

Final evaluation of the apriori output is performed using statistical overrepresentation. The default
support and confidence cutoffs for running the apriori algorithm are set purposely low (10% and 30%
respectively), since this produces many candidate rules. Association rules that have low confidence
may actually be statistically overrepresented relative to the background, and rules with high confidence
in the foreground may not be statistically significant if it occurs frequently and with high confidence
in the background.

For each association rule discovered in the foreground set, a list of confidences is collected from
occurrences of that rule in the 1000X shuffled foreground and 1000X shuffled background. Recall that
the confidence of a rule is simply the conditional probability of observing the consequent given the
antecedent, which is in turn determined by enumerating item set occurrences. According to the central
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limit theorem, any sum of independent identically distributed random variables will approximately
tend to the normal distribution. We can safely assume here, that the distribution of association rule
confidences derived from randomized shuffling of aggregate item lists will be approximately normally
distributed, since each randomization is independently generated and contains identical distributions
of the items.

Two p-values are obtained for an association rule given the mean and standard deviation of con-
fidence scores derived from the randomizations. The first one is based on randomizations of the
foreground aggregate item list, and the second one is based on randomizations of the background
aggregate item list. If the investigator queries with large sets of motifs, we find many association rules
with p-values of dead zero, which means that the rule was never detected in the 1000 randomizations,
and these rules are highly unlikely to occur by chance. A schematic of the full CAYCE methodology
is detailed in Figure 1 below.
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Figure 1: Schematic of CAYCE methodology. (A) DNA sequence motifs Figure 1: Schematic of
CAYCE methodology. (A) DNA sequence motifs (colored boxes) form clusters on promoters (black
lines). If the box is above the black line, then the motif is oriented in the forward direction, and vice
versa. (B) The motif occurrences are collected into item sets, separated into unique and multiple-
occurrence patterns and aggregate lists are shuffled 1000X. (C) Two p-values are calculated for an
association rule. One is relative to the confidence scores of that association rule in randomizations
generated from the foreground aggregate list, and another is relative to randomizations generated from
the background aggregate list.
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Figure 2: Promoter activities of 642 promoters measured across 14 cell lines. After hierarchical
clustering, we focused on three regions of interest.

3 Results in Human Promoters

We applied our method to discover statistically overrepresented motif association rules in human pro-
moters. This is an example of applying CAYCE after module discovery to obtain simple statistics and
combinatorial relationships for motifs within the discovered modules. We obtained promoter activity
profiles of 642 promoters tested across 14 cell lines [8], available for download on the UCSC Genome
Browser [17, 19]. This dataset is different from Microarray expression data in that it does not measure
mRNA transcript level. Promoter activity measures the regulatory potential of a promoter based on
DNA sequence composition alone since epigenetic markers like methylation and chromatin are stripped
in the assay. Therefore, it is the most appropriate experimental platform to base motif/sequence mod-
els of promoters. We applied hierarchical clustering to the dataset, and from the heatmap, we noticed
a small region of ubiquitous and high promoter activity, a region of mixed activity, and a region of
low promoter activity across all cell lines (Figure 2). We named them allhigh, mized, and allzero
respectively. Using YMF [24, 25, 28] followed by FindExplanators [5], we discovered a total of 77
overrepresented motifs in the 642 promoters.

Many of the 77 discovered motifs were redundant or reverse compliments of each other, and had
significant overlaps with promoter motifs reported by Xie et al. [32]. We decided to investigate the top
8 known motifs that overlapped our list and Xie’s list. These are Nrf-1, Myc, Elk-1, Nf-Y, Sp1, AP-1,
YY1, and GABP. These motifs were used as input to Cluster-Buster [13], which finds dense clusters
of motifs in DNA sequences. Cluster-Buster outputs motif clusters that score above a log-likelihood
threshold (we used 5), however these clusters do not convey any working relationships between motifs.
In order to detect these relationships, we formatted Cluster-Buster output and analyzed the motif
content of each cluster using CAYCE. We ran CAYCE twice to compare association rules discovered
in the allhigh promoter set (foreground) with those in the mized and allzero promoter set (two back-
grounds). Comparison between the allhigh and allzero promoter sets emphasizes motif association
rules that are important in functional promoters versus non-functional promoters. Comparison be-
tween the allhigh and mized promoter sets emphasizes motif association rules that are important in
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ubiquitously active promoters versus promoters of tissue specific genes.

3.1 Run 1: Allhigh versus Allzero

The significant (p<0.1) association rules are indicated by bold print in the second and third column
of Table 1. We observe several well-known transcription factor associations among Nrf-1, GABP
and SP-1 [22, 23], indicating that the statistically significant interactions detected by CAYCE are also
biologically relevant. We also discover novel associations with Elk-1, indicating that CAYCE is capable
of discovering new associations. CAYCE can also pick up motifs that occur multiple times in a cluster,
and output the repetition number that is statistically overrepresented. For promoters in the allhigh
set, we find that single, double, and triple SP1 repeats are not statistically significant, but clusters
containing 5 SP1 repetitions are significant. The remaining multiple-occurrence motifs do not appear
to be statistically significant relative to randomizations of the foreground, but are still overrepresented
relative to the allzero promoter set. This underscores the importance of appropriate background
selection when analyzing biological data. While repetitions of Elk-1, AP-1, GABP, and Myc motifs
may not be statistically significant among randomizations of ubiquitous and highly expressed genes
(allhigh foreground), they are significant when compared to non-functional promoters. This is a way
of using statistical significance to harness biological relevance in a context dependent manner.

3.2 Run 2: Allhigh versus Mized

The significant (p<0.05) association rules are indicated by bold print in the second and fourth column
of Table 1. In this analysis the top association rules are the same as those in the first analysis, since we
are using the same allhigh foreground. However, looking at the background 2 p-value column, we notice
that most of them are no longer statistically overrepresented compared to the mized background. In
addition, triple repetitions of Elk1, triple repetitions of AP-1, and double repetitions of GABP are not
significant at all, whereas they were significant relative to the allzero background. This suggests that
promoters with mixed activities or tissue specific expression may have more repetitive occurrences of
GABP and Elk-1, which is a possibility given that the transcriptional activity of Elk-1 is highly tissue
specific [21]. In the previous analysis, association rules were added because of their significance over
a biologically relevant background. In this example, association rules are eliminated because of their
non-significance over a biologically relevant background.

4 Conclusions and Discussion

CAYCE is customized to answer biologically relevant questions about motif co-occurrence relation-
ships. In particular, it takes into account repeated occurrences of a motif and determines the most
significant repetition. Despite computational cost, we took pains to obtain p-values for association
rules because it is the standard evaluation statistic employed by the biological community. This
p-value is estimated relative to randomization of the foreground, and randomization of a biological
contrast background.

We tested CAYCE on Human promoters and several known associations Nrf-1, GABP and Spl
were discovered. The unique item set analysis suggests a potentially novel interaction between Elk-1
and the three motifs Nrf-1, GABP and Spl. Our major contribution is in the multiple item set analysis
where we discovered that the most significant of repetition of Spl in motif clusters is five.

CAYCE is a work in progress, and the most up to date source code is available upon request. We
are also developing a web server for CAYCE, and streamlining steps in the analysis pipeline.
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Table 1: Summary of association rules detected by CAYCE. Significant p-values (p<0.05) are indicated
by bold print.

Unique Motif Rules Allhigh Allzero Mixed
p-value p-value p-value
Elk-1 « NF-Y 0 0 0.921
Spl < Elk-1, Nrf-1 7.70E-09 0 0
Spl « Nrf-1 3.50E-03 0 0
Spl — GABP 9.70E-03 0 0.24
Spl «— Elk-1, GABP 0.016 0 0.29
Multiple-Occurrence Motif Rules Foreground Background 1 Background 2
p-value p-value p-value
Spl.5 « Spl.4 0.0297 0 0
Elk-1.3 «+ Elk-1.2 0.298 0 0.108
AP-1.3 «— AP-1.2 0.433 0 0.963
GABP.2 — GABP.1 0.4532 0 0.466
Myc.2 « Myec.1 0.5398 0 0
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