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The present work is concerned with assigning statistical significance to the frequency
of appearance of pre—defined patterns in any collection of DNA sequences. This problem
is closely tied to several key challenges in functional genomics, including the system—wide
localization of transcriptional regulatory elements (TREs) in gene promoters, and the quantification
of the activity of the transcription factors (TF’s) that bind to the TREs under various cellular
conditions. Progress on these challenges lays a foundation for system-wide dynamic modeling
of gene expression. Through genome-wide location analysis [7] and other biochemical
methods, several groups have laid such foundations in E. coli [9], yeast [4], and sea urchin
development [2]. While the problem of TRE significance did not emerge in the approaches
taken by the above groups, it does emerge in alternative approaches that are widely in use.
Examples include promoter analysis of co-regulated genes [10], and TRE activity profiling
in nuclear extracts (Regulatory Element Activity Profile, [REAP] data: Genpathway, Inc.).
The present work includes a description of the general problem of TRE significance and the
empirical reference distribution (ERD) — based approach we have taken to resolve it. Results
from applying the ERD approach to promoters of co-regulated genes and REAP data are
also presented. The ERD approach appears promising in that it has led to the identification
of TREs that could be verified in the literature, as well as a prioritized list of TREs to be
verified by alternative methods.

Several functional genomic methods involve passing a library of DNA sequences through
an experimental or analytical selection process with the objective of creating a subset of
sequences that is enriched for the TREs regulating the system. We use the term enriched to
mean appearance at a higher frequency than if there had been no selection. The selection may
be direct, as in the case of REAP data (Genpathway, Inc.), or indirect, as in the case where
subsets of promoters are selected from a total promoter population using gene expression
data clustering. Given a population of DNA sequences, putative TREs may be identified
by using bioinformatics tools (for example, MatInspector [6]) that will query databases of
TREs (for example, TransFac [5]). Alternatively, the sequences themselves may be searched
for enriched patterns using a pattern discovery algorithm [10]. Given that it makes use
of the accumulated biological knowledge, we are presently employing the database—driven
approach. Since most TREs are short (8 — 25 bp) sequences, the probability of random
appearance can be high, thereby necessitating tests for statistical significance.

It is straightforward to characterize the probability of random occurrence of a given TRE
in theoretical random DNA (i.e., randomly generated sequences of the four possible bases,
each occurring with equal probability). This probability is more difficult to characterize
in highly structured random genomic DNA sequences (e.g., in sequences randomly drawn

from the set of all potential promoter sequences from a real genome), however, because



the underlying biases may not be known. The ERD method overcomes this difficulty
by empirically constructing reference distributions through random re-sampling from the
original DNA sequence library. These reference distributions are then used to test the null
hypothesis that the TREs found in the experimentally—selected group of DNA sequences can
be explained by random occurrence. The TREs may then be prioritized for further study
by (1 — p), where p is the hypothesis test p—value. Given that the ERD method empirically
constructs reference distributions, no distributional assumptions are made. Subtlety does
exist, however, in the definition of the DNA sequence library, since it must be as faithful
to the experimental process as possible. In the case of the gene expression cluster analysis
study, the DNA library is the population of promoters of all genes on the microarrays. For
REAP data, the library consists of species-matched genomic DNA with an identical length
distribution as that observed in the experimental data. Thus the ERD algorithm can be
generalized to analyze the results of any sequence sampling technology.

To validate the ERD method, we applied it to the 30 clusters of yeast genes from [10]
obtained from yeast cell cycle expression profiles [1]. We used the Saccharomyces cerevisiae
promoter database (SCPD, [12]) to predict putative TREs 500bp upstream of the start
codon in the 3000 ORFs used in [10]. Of the 45 searchable TREs, 20 were significant (p
< 0.01) in at least one of the 30 clusters, compared to 18 for [10] using a method that
directly discovers TREs from the promoter sequences [8]. Seventeen clusters had at least
one significant TRE, compared to 12 for [10]. With one exception (out of 6), all previously
known TREs that were present in SCPD that were identified in [10] were significant (p = 0) in
their appropriate clusters when ERD was used. Additionally, ERD identified physiologically
relevant co-occurrence of TREs that [10] did not. For example, both RAP1 and GCRI,
which form a complex to regulate ribosomal genes [3], were significant in the ribosomal gene
cluster using ERD, while [10] only identified RAP1. These results demonstrate the utility of
the ERD approach. It must be kept in mind, however, that the ERD approach is ultimately
complementary to the approach used by [10] and other motif discovery algorithms. While it
is unable to identify novel TREs directly from promoter sequences, once a pattern discovery
algorithm has defined a potential TRE, it is straightforward to use ERD to evaluate the
enrichment of the motif relative to a random collection of sequences.

The ERD method has also been applied to a cluster of regulated genes identified using
cDNA arrays as well as REAP data for the response of a neuronal cell line to angiotensin.
The analysis was greatly facilitated by the use of the bioinformatic tool PAINT [11], which,
when given a list of genes, will compile upstream regulatory regions from genomic sequence
and then use MatInspector to identify the TREs present in those regions. Several TREs were

significant in the results that are known to be activated in response to angiotensin in several



cell types. Results from both analyses also suggested that novel TRE families may also play
significant roles in the neuronal response to angiotensin, and these hypotheses are being
tested experimentally. Ongoing work involves continued benchmarking of the ERD approach
against existing tests for significance, exploring the robustness of the approach to the size
of the DNA sequence collection, and testing for significant cases of TRE co-occurrence, an
essential step in deciphering combinatorial aspects of transcriptional regulation. Given the
flexibility of the ERD approach, we expect it will see broad application in the discovery of

transcriptional regulatory networks.
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