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Transcription factor and microRNA motif discovery:
The Amadeus platform and a compendium
of metazoan target sets
Chaim Linhart,1 Yonit Halperin,1 and Ron Shamir2

School of Computer Science, Tel Aviv University, Tel Aviv 69978, Israel

We present a threefold contribution to the computational task of motif discovery, a key component in the effort of
delineating the regulatory map of a genome: (1) We constructed a comprehensive large-scale, publicly-available
compendium of transcription factor and microRNA target gene sets derived from diverse high-throughput
experiments in several metazoans. We used the compendium as a benchmark for motif discovery tools. (2) We
developed Amadeus, a highly efficient, user-friendly software platform for genome-scale detection of novel motifs,
applicable to a wide range of motif discovery tasks. Amadeus improves upon extant tools in terms of accuracy,
running time, output information, and ease of use and is the only program that attained a high success rate on the
metazoan compendium. (3) We demonstrate that by searching for motifs based on their genome-wide localization or
chromosomal distributions (without using a predefined target set), Amadeus uncovers diverse known phenomena, as
well as novel regulatory motifs.

[Supplemental material is available online at www.genome.org. The Amadeus software is available at http://acgt.cs.
tau.ac.il/amadeus.]

One of the main cellular regulatory mechanisms is the transcrip-
tional program, which describes when and to what extent each
gene is transcribed to mRNA. Transcription is controlled primar-
ily via transcription factors (TFs)—specialized proteins that bind
sequence elements, called binding sites (BSs), which are located
mainly in each gene’s promoter sequence upstream its transcrip-
tion start site (TSS). Another key regulatory effect is controlled by
microRNAs (miRNAs), short noncoding RNA molecules. Anneal-
ing of a miRNA to its target mRNA, typically in its 3� untranslated
region (UTR), triggers the degradation of the mRNA transcript or
inhibits protein translation. Delineating the regulatory program
of a species requires the combination of experimental and com-
putational techniques. To this end, huge volumes of experimen-
tal data have been generated in the past decade by means of
high-throughput technologies, such as gene expression microar-
rays (Lockhart and Winzeler 2000) and ChIP-chip location analy-
ses (Wu et al. 2006). In parallel, numerous software tools were
developed in order to analyze these data and suggest novel bio-
logical hypotheses.

A major computational challenge is identifying recurring
sequence patterns, or motifs, in cis-regulatory sequences; such
motifs represent BSs of TFs/miRNAs. In a typical scenario, given
a target set of coregulated genes, one would like to identify TFs
whose BSs are statistically overrepresented in the promoters of
these genes, compared with some background model or with a
supplied reference set of genes. In recent years, a plethora of
computational tools have been developed for discovering en-
riched motifs of known TFs (Elkon et al. 2003; Sharan et al. 2004),
as well as for finding novel motifs that represent BSs of yet un-
characterized TFs. The latter task, known as de novo motif dis-

covery, has been tackled using a myriad of algorithmic tech-
niques, such as expectation-maximization (EM) (Bailey and El-
kan 1994), Gibbs sampling (Hughes et al. 2000), and efficient
enumeration (Pavesi et al. 2001; Sinha and Tompa 2002; Ettwiller
et al. 2007). The most common computational models employed
by motif finders to describe TF BSs are degenerate (IUPAC) strings
(Sinha and Tompa 2002) and position weight matrices (PWMs)
(Bailey and Elkan 1994). Commonly used scores for evaluating
candidate motifs include likelihood ratio (Bailey and Elkan 1994)
and the Z-score (Sinha and Tompa 2002; Ettwiller et al. 2007)
and hypergeometric (HG) overrepresentation scores (Eskin and
Pevzner 2002).

Most studies that describe novel motif discovery algorithms
report their success either on synthetically generated data or on
a small ad hoc collection of samples constructed by the investi-
gators for their particular analysis. Obviously, such results do not
guarantee equally-good performance in many real-life scenarios.
Perhaps the most popular large-scale motif finding benchmark is
the yeast ChIP-chip data set of Harbison et al. (2004). To the best
of our knowledge, the only large-scale metazoan benchmark con-
structed to date is that of Tompa et al. (2005). In that study,
validated TF BSs from the TRANSFAC (Wingender et al. 1996) da-
tabase were implanted inside real and synthetic promoter se-
quences. The benchmark contains 52 data sets (eight from yeast,
the rest are from metazoans), with an average of seven sequences
per data set. Its main drawback is that it does not reflect many
real-life scenarios. For example, one would often like to discover
motifs in a cluster of coexpressed genes or in a set of sequences
bound by a TF in ChIP-chip. In these scenarios, the analyzed set
typically consists of dozens or hundreds of genes, of which only
an unknown (often modest) fraction contain BSs; moreover,
many of the BSs might reside very far from the TSS or in other
types of genomic sequences (introns, UTRs, etc.), and the gene
set might be regulated by more than one TF. In this work, we
constructed the first publicly-accessible, large-scale compendium
of metazoan data sets that were obtained by various experimental
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techniques and cover a wide-range of real-life motif discovery
scenarios.

Despite extensive research, it remains exceedingly difficult
to accurately predict BSs and discover novel motifs, especially in
metazoan data sets, due to the short and degenerate nature of
BSs, the size and complexity of genetic sequences, and the high
levels of noise in results obtained by high-throughput technolo-
gies (Tompa et al. 2005). Moreover, most motif discovery tools
present only a small amount of information for the discovered
motifs, usually in textual format, and cannot analyze large sets of
genes due to running time or memory limitations. Perhaps most
importantly, a user without advanced computer skills would find
it quite difficult to execute some of these software tools and in-
terpret their results.

We developed a new software suite for efficient genome-
scale detection of known and novel motifs, called Amadeus (a
motif algorithm for detecting enrichment in multiple species).
Amadeus evaluates the discovered motifs using one or more of
several built-in statistical scores, and is suitable to a broad range
of motif finding tasks. It has an intuitive, user-friendly, and
highly informative graphical interface. We ran Amadeus on the
yeast ChIP-chip benchmark and on our metazoan compendium,
and compared the results to those found by five popular motif
finding tools. In addition, we used it to perform genome-wide
discovery of motifs whose occurrences are localized within hu-
man and mouse promoters. This analysis uncovered two novel
motifs, both of which are supported by multiple independent
studies and are thus likely to represent real BSs of yet uncharac-
terized TFs. Another type of genome-wide search we performed
found motifs whose chromosomal distribution is nonrandom.
We believe Amadeus sets a new standard for motif discovery
software in terms of accuracy, running time, range of application
and ease of use.

Results

Overview of Amadeus

We developed a highly accurate, efficient, and user-friendly mo-
tif discovery software, called Amadeus, for finding short se-
quence patterns that are overrepresented in the promoters or 3�

UTRs of a given set of genes with a respect to a large background
(BG) set, typically the entire genome. The general architecture of
Amadeus is a pipeline of filters, or refinement phases, where each
phase receives as input a list of motif candidates and applies an
algorithm for refining the list and producing a set of improved
candidates, which serve as a starting point for the next phase
(Fig. 1). The first phases typically work on a very large number of
candidates, such as all possible k-mers, and execute simple pro-
cedures for choosing the most promising motifs. Successive
phases run more complex (and computationally intensive) algo-
rithms in order to converge to better motifs. The default score for
evaluating each candidate motif is the HG enrichment score;
other scores measure BS localization, strand-bias, and chromo-
somal preference. Amadeus also searches for pairs of enriched
motifs that tend to co-occur in the same sequences and thus
represent a putative cooperative cis-regulatory module. Finally, a
built-in bootstrapping procedure may be applied to correct for
multiple testing. See Methods and Supplemental Notes for a de-
tailed description of the algorithm, scores, and additional features.

The output of Amadeus is a nonredundant list of top-scoring
motifs. For each motif, a wealth of information is displayed, in-
cluding the motif’s logo, the scores it received, its occurrences
localization graph, a list of similar known TF/miRNA motifs from
TRANSFAC/miRBase, and the set of genes presumably regulated
by the motif (Fig. 2; Supplemental Fig. 2). A graphical TF BS viewer
displays the putative BSs of the motifs within the genomic se-

Figure 1. The main components of the Amadeus computational pipeline. The input consists of one or more target gene sets and various parameters
such as the score(s) for evaluating the motifs. Starting from all k-mers, the algorithm runs a series of refinement phases that eventually converge to a
nonredundant list of high-scoring PWMs. These motifs, together with additional information and analyses, are displayed in the graphical output. For
more details, see Methods.
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quences. All these data assist the user in dissecting the regulatory
network underlying the studied gene set and in focusing on the
most promising motifs for further research.

Performance on the yeast transcriptional regulatory map

In their seminal paper, Harbison et al. (2004) constructed a
nearly complete map of the transcriptional regulatory code of
Saccharomyces cerevisiae using ChIP-chip assays. We assessed the
performance of Amadeus using the ChIP-chip data of 83 factors
that bound more than four promoters (58 on average), and
whose binding motifs have been reported in the literature. We
executed Amadeus twice on each data set with motif lengths 8
and 10, and compared the two top-scoring motifs obtained from
each execution to the corresponding literature motif—as in Har-
bison et al. (2004), a match was defined if the average Euclidean
distance between the columns of the two PWMs, referred hence-

forth as “PWM divergence,” was below 0.18. Amadeus was said to
successfully recover a TF BS pattern if at least one of the four
motifs it reported (two for each motif length) matched the lit-
erature PWM. Under these strict criteria, Amadeus discovered 54
of the known motifs (65% of 83).

We compared the performance of Amadeus to five popular
motif finders that represent an assortment of algorithms and
motif evaluation scores—MEME (EM) (Bailey and Elkan 1994),
AlignACE (Gibbs sampling) (Hughes et al. 2000), YMF (Sinha and
Tompa 2002), Weeder (Pavesi et al. 2001), and Trawler (Ettwiller
et al. 2007) (exhaustive search). Of note, Weeder outperformed
13 motif discovery tools by most measures in Tompa’s assess-
ment (Tompa et al. 2005), and Trawler was very recently reported
to outperform four tools on mammalian data sets (Ettwiller et al.
2007). As in Tompa’s study, we did not include in our analysis
programs that utilize auxiliary information, such as ChIP bind-

Figure 2. Screenshot of Amadeus. The left panel controls the input parameters (organism, target set, promoter region, scores, etc.). Here, Amadeus
was executed on the set of genes expressed in G2 and G2/M phases of the human cell cycle (Whitfield et al. 2002). The top-scoring motif shown in the
output panel on the right is CHR (cell-cycle genes homology region), a cis-regulatory element that was experimentally found in promoters of several
G2/M genes (Zhu et al. 2004), and is not represented in TRANSFAC; the second motif is CCAAT-box (NF-Y). For each motif discovered, the output also
lists similar patterns from TRANSFAC, information on the localization of its occurrences, and additional statistics. In agreement with recent studies
(Linhart et al. 2005; Tabach et al. 2005), the motif-pairs analysis in Amadeus reports the de novo found CHR and NF-Y motifs as a cis-regulatory module
that is highly specific to the G2 and G2/M cell-cycle phases (Supplemental Fig. 1). A screenshot with additional graphical features is shown in
Supplemental Figure 2.
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ing affinities, known TF BS models, or cross-species sequence
conservation. Although Amadeus can incorporate some of this
information, we wanted to focus on the core functionality of
motif detection that is common to the widest possible range of
setups. Each program was run with its default parameters using
motif lengths 8 and 10, and the two top-scoring motifs were
compared to the correct PWM as described earlier. As shown in
Supplemental Figure 3, Amadeus recovered the largest number of
motifs (65%); in agreement with Tompa et al. (2005), Weeder
outperformed MEME, AlignACE, and YMF, successfully recover-
ing 58% of the PWMs. Interestingly, the performance ranking
among all five methods remained un-
changed for other PWM divergence cut-
offs.

Compendium of target sets
of metazoan TFs and miRNAs

Ettwiller et al. (2007) tested the perfor-
mance of their Trawler program using 10
mammalian ChIP-chip data sets. While
this benchmark is larger than most data
sets used in the literature, it is still rela-
tively small and represents a single ex-
perimental technique. As explained ear-
lier, Tompa’s data set (Tompa et al.
2005), the only large-scale metazoan
benchmark constructed to date, does
not reflect target sets obtained by high-
throughput experiments. We therefore
set out to construct a comprehensive
motif discovery benchmark that is based
on a large compendium of experimental
studies. We collected diverse types of
data sets from several metazoans, as pub-
lished by independent groups in leading
journals. Our compendium, listed in Fig-
ure 3, consists of 42 gene sets from hu-
man, mouse, fly (Drosophila melanogas-
ter), and worm (Caenorhabditis elegans)
and represents a total of 26 TFs and eight
miRNAs. The sets were collected from 29
publications and were obtained by vari-
ous types of technologies, primarily
gene expression microarrays and ChIP-
chip location analyses. The number of
genes in each target set ranges from 25–
2338 with mean 400—57-fold larger
than Tompa’s sets. For each set, we used
the corresponding PWM(s) from TRANS-
FAC, or the eight-long miRNA seed from
miRBase, as the correct motif. A com-
parison of our compendium to several
other motif discovery benchmarks is
given in Table 1.

Results on metazoan benchmark

We executed Amadeus and the five
other motif finding tools on the meta-
zoan target-set compendium. Here too,
each tool was run with motif lengths 8
and 10, and the two top-scoring motifs

were compared to the correct PWM(s). The results of each tool are
shown in Figure 3; success rates and running times are summa-
rized in Figure 4. Amadeus significantly outperformed all other
programs in terms of motif recovery rate—62% success (with
PWM divergence cutoff of 0.18); consistent with recent studies
(Tompa et al. 2005; Ettwiller et al. 2007), Weeder and Trawler
(43% success) performed better than the rest of the tools (10%–
27%). We repeated the benchmark comparison using only the
top-scoring motif from each execution and with two other PWM
similarity measures and obtained very similar results (Supple-
mental Fig. 4).

Figure 3. The metazoan target-set compendium and benchmark results on it. (A) The compendium
of metazoan TF/miRNA target sets collected from the literature. The “Source” column indicates the
experimental procedure or database from which the target set was derived: gene expression micro-
arrays (Ex), ChIP-chip (CC), ChIP-DSL (C-DSL), DamID (van Steensel et al. 2001), or Gene Ontology
(GO) database (Ashburner et al. 2000). For additional information and references, see http://
acgt.cs.tau.ac.il/amadeus. (B) Performance of motif finding tools on each target set—each successful
motif recovery is marked by a gray-shaded box, according to the PWM divergence (darker shades of
gray indicate higher similarity of the recovered motif to the one in the literature); the � symbol marks
long executions (>48 h) that were aborted. Here, Amadeus was run with the HG enrichment score. The
success-rate patterns of the six motif finders are almost identical when comparing different target sets
of the same TF. For example, in all three E2F data sets, Amadeus, Weeder, and Trawler are the only tools
that recovered the correct motif; in the two Myod sets, Amadeus and Weeder succeeded with PWM
divergence cutoff 0.18, AlignACE succeeded with cutoff 0.24, and MEME and YMF failed with all
cutoffs. This consistency, observed for all six TFs that are represented by more than one set in our
compendium, is not a result of large overlaps between the target sets, as such overlaps were avoided
in the construction of the compendium. Instead, it is likely to stem from properties inherent to the TFs,
such as the extent and type of their BSs degeneracy.

Linhart et al.

4 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on June 3, 2008 - Published by www.genome.orgDownloaded from 

http://www.genome.org
http://www.cshlpress.com


We observed a considerable degradation of up to 32% in the
success rate of most motif finders on our benchmark relative to
their performance on the yeast data sets. Remarkably, the success
rate of Amadeus on the metazoan benchmark is comparable to
that on the yeast data—62% vs. 65%, respectively. Amadeus is
also the fastest tool (10 min per data set, on average); AlignACE
and MEME are prohibitively slow on large target sets.

Handling length and GC-content biases

The HG enrichment score might fail to discover the correct mo-
tif, or alternatively detect many spurious motifs, when the dis-
tribution of the length and/or GC-content of the target set se-
quences significantly differ from their distribution in the BG set.
Biologically meaningful groups of genes with such biases are not
uncommon. For instance, genes with GC-rich promoters, such as
housekeeping genes, tend to have higher expression rates (Kass et
al. 1997; Aerts et al. 2004). Another example is the length bias of
3� UTRs of tissue-specific genes. For example, genes that are ex-
pressed in neuronal tissues have relatively long 3� UTRs (1300
nucleotides vs. 950 nucleotides in the entire genome) (Sood et al.
2006). To search for enriched motifs in such data sets, we devel-
oped a novel score, termed binned enrichment score, which par-
titions the genes into bins according to the length and GC-
content of their cis-regulatory sequences and evaluates the over-
representation of the motif based on its abundance in each bin
(see Methods).

Running Amadeus on our metazoan target-sets compen-
dium using the binned enrichment score further improves over
the results of the HG score (Fig. 4). One example is the target set
of MEF2 (Blais et al. 2005), for which none of the programs we
tested recovered the correct motif. The promoters of these genes
are longer than average (972 bp vs. 840 bp after masking out
repetitive and coding sequences) and have a higher GC-content
(53% vs. 49%). Using the binned enrichment score, Amadeus
discovers the MEF2 binding pattern as the top-scoring motif. Ad-
ditional examples that demonstrate the importance of account-
ing for length and GC biases are given in the Supplemental ma-
terial. The improved sensitivity of the binned score remained
consistent for other PWM similarity measures and cutoffs (5%
improvement, on average) (data not shown).

Genome-wide analyses

Another useful application of motif finding is a genome-wide
analysis, targeted to uncover regulatory motifs based on the ge-
nome alone, without having at hand a set of coregulated genes.
We developed three scores for this type of analysis: localization,
strand bias, and chromosomal preference (see Methods).

Localization

Many TFs are known to bind more frequently close to their target
genes’ TSSs than in distant promoter regions (Tabach et al. 2007).
Some elements that directly interact with or are part of the basal
transcriptional machinery, such as TATA-box and Initiator, are
found mainly in core promoters, spanning several dozens of
bases around the TSS (Smale and Kadonaga 2003). We imple-
mented a localization score that measures the tendency of a mo-
tif to occur at specific locations along the promoters. Applying
this score on all human and mouse promoter sequences revealed
binding patterns of many known TFs, including core promoter
elements (e.g., SP1, NF-Y, TATA) and prominent TFs (e.g., Myc,
ATF/CREB), as well as two novel motifs. Some of the discovered
motifs exhibit a significant strand bias (i.e., they do not appear at
similar rates on both strands) or chromosomal preference (i.e., a
nonuniform distribution across chromosomes). The main results
are listed in Table 2 (see also Discussion). Using a specially tai-
lored method, FitzGerald et al. (2004) reported on nine motifs
that localize in human promoters. Eight of these motifs were
found by Amadeus. The ninth motif is the ATG start codon,
which was not discovered by Amadeus, since we masked out
coding sequences.

A genome-wide analysis of fly promoters uncovered more
than 30 motifs with significant localization (for full results, see
the Amadeus website). Ohler et al. (2002) searched for motifs that
are enriched in the core promoters of the fly genome. They re-
ported on 10 motifs, all of which are among the top 21 motifs we
discovered.

Chromosomal preference

Motivated by the observation that coregulated genes may colo-
calize (Cohen et al. 2000; Boutanaev et al. 2002), we developed a
chromosomal-preference score to discover motifs whose occur-

Table 1. Comparison of several medium- and large-scale motif discovery benchmarks

Benchmark
Harbison et al.

2004
Tompa et al.

2005
Ettwiller et al.

2007 Our compendium

Type Experimental Synthetic Experimental Experimental
Technology ChIP-chip Validated BSs ChIP-chip ChIP-chip, gene expression, others
Source In-house TRANSFAC Literature (seven

publications)
Literature (29 publications)

Species Yeast Human, mouse, fly,
yeast

Human, mouse Human, mouse, fly, worm

Regulators TFs TFs TFs TFs, miRNAs
No. of sets 173 52 10 42
No. of distinct TFs/miRNAs 83 TFs Unknown 10 TFs 26 TFs, eight miRNAs
Average no. of genes per set 58 7 259 400
Average sequence length per set 35 kbp 8 kbp 210 kbp 383 kbp

The yeast ChIP-chip data sets (Harbison et al. 2004) are a popular benchmark, but they represent a single, relatively simple species and only one
technology. Tompa’s benchmark (Tompa et al. 2005) is based on validated BSs from the TRANSFAC database—the BSs were chosen by the investigators
according to various criteria and implanted inside real and synthetic promoters. Very recently, Ettwiller et al. (2007) developed Trawler, a new motif
discovery tool for ChIP experiments, and reported its performance on 10 mammalian ChIP-chip data sets. Our compendium is the first large-scale
collection of metazoan gene sets derived from high-throughput experiments; it represents diverse technologies and organisms and consists of both TF
and miRNA target sets. Of note, the average set size in our compendium is substantially larger than in all other benchmarks.
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rences are not distributed evenly across chromosomes (see Meth-
ods). Interestingly, when we applied this score to D. melanogaster
promoters, Amadeus found that the Dref binding motif is over-
represented on the X chromosome (Supplemental Fig. 6). Indeed,
Dref was recently associated with the dosage compensation
complex (DCC) that equalizes the expression levels of X-linked
genes in drosophila males and females.

Recently, Ruby et al. (2006) discovered a new class of small
21-nucleotide RNAs in worms, called 21U-RNAs, that reside
mainly in introns and intergenic regions on chromosome IV.
They also discovered a conserved motif located ∼40 bases up-
stream to these regions. Running the chromosomal-preference
analysis on all C. elegans promoters, Amadeus reported this pat-
tern as the top-ranking motif (Fig. 5). Thus, without any prior

knowledge on 21U-RNAs in worm and DCC in fly, Amadeus
found motifs known to be associated with them, demonstrating
another type of biological signal it can uncover.

Discussion

In this article, we present a compendium of target sets of meta-
zoan TFs and miRNAs that we used as a benchmark for motif
finding tools. To the best of our knowledge, our compendium is
the first publicly-available large-scale collection of experimen-
tally derived TF and miRNA target sets and thus constitutes a
valuable database for studying gene regulation. We believe it is
an improvement over previously published benchmarks (Harbi-
son et al. 2004; Tompa et al. 2005), as it more accurately repre-
sents a broad range of gene-regulation motif discovery tasks. The
yeast ChIP-chip data sets (Harbison et al. 2004) represent only
one, relatively simple, species and only a single type of assay. As
explained earlier, Tompa’s benchmark (Tompa et al. 2005) is to
some extent artificial, or “unrealistically clean”—in the nonsyn-
thetic data sets, each gene has a validated BS in its promoter. As
expected in high-throughput techniques, our gene sets are much
larger and contain a high rate of false positives, i.e., genes that are
not targets of the corresponding TF or that contain a BS further
upstream/downstream from the TSS. Moreover, our compen-
dium contains sets of 3� UTRs targeted by miRNAs; these sets
have different statistical properties than promoters bound by TFs
(e.g., GC-content and length variance), and thus pose additional
computational challenges.

For simplicity of implementation and in order to allow a fair
comparison between motif finders and among various types of
data sets, our benchmark does not exploit all the available infor-
mation generated by some of the experimental techniques, such
as the binding peaks and affinities derived from ChIP assays. In
addition, we did not exploit comparative sequence analysis, a
potentially powerful tool that poses additional challenges, on
top of the basic motif finding task studied here. For example,
recent studies reported a limited cross-species conservation of
functional BSs (Borneman et al. 2007; Lin et al. 2007; Odom et al.
2007); thus, in some situations, searching for motifs only within
aligned sequences might be unfavorable (for further discussion,
see Supplemental material).

We developed Amadeus, a new software platform for de
novo motif discovery, and compared its performance to five
popular motif finding tools. Amadeus, whose running time de-
pends on the number and length of BG sequences, but not on the
size of the target set, was significantly faster than the other
programs on most data sets. Unlike the other tools, which
performed rather poorly on the metazoan data, Amadeus
achieved a high success rate on both the metazoan and yeast
benchmarks. We believe this is largely due to the fact that most
tools use BG models based on precomputed k-mer counts (k = 1,
4, 4, 8 in AlignACE, YMF, MEME, and Weeder, respectively),
whereas Amadeus utilizes the entire set of promoters (or 3� UTRs)
in the genome as a reference set for testing over-representation.
This is especially important in higher eukaryotes that have
complex signals in their cis-regulatory sequences, which are
not likely to be captured by simple BG models. Indeed, on our
benchmark, the success rates of extant motif finders correlate
with the complexity of their BG models. Trawler is the only
extant tool we tested that utilizes a supplied set of BG sequences
to assess motif enrichment. However, its BG set is relatively
small (it failed to run with more than 2000 BG sequences),

Figure 4. Performance of six motif finding tools on our compendium of
metazoan target sets. (A) Success rates for three PWM divergence cutoffs,
indicated by different shades of gray. The light-gray boxes on top of the
Amadeus bars show the improved success rates when using the binned
enrichment score (instead of the HG score; see Methods). Success rates
for other PWM similarity measures and cutoffs are shown in Supplemental
Figure 4. (B) Running times in logarithmic scale for the TF target-sets
(AlignACE and MEME did not finish within 48 h on several sets). Trawler
is a web-based tool so we could not measure its running time. For full
results, see Supplemental Table 1 and http://acgt.cs.tau.ac.il/amadeus. A
detailed comparison of all tested tools is given in Supplemental Table 2.
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which in addition to the algorithm and statistical score it em-
ploys may explain its moderate performance on metazoan data
sets (for more details, see Supplemental material). In conclusion,
the success rate and running time of Amadeus scale up better
than extant programs in terms of both the size of the data set and
the species complexity. Supplemental Table 2 summarizes the
main differences between the tools in
terms of algorithms, scores, features, and
performance.

The high accuracy of Amadeus re-
mained consistent under various bench-
mark settings, e.g., evaluating the per-
formance using other common PWM
similarity measures or using the top-
scoring motif only (Supplemental Fig.
4). Taken together with the fact that our
benchmark contains a large number of
diverse data sets, our results indicate that
the improved performance of Amadeus
is inherent, rather than a product of
overfitting or biased choice of parameters.

We developed a novel statistical
score for evaluating motif overrepresen-
tation in target sets that are biased with
respect to the rest of the genome in terms
of sequence length or base composition.
Although they are quite common, such
biases are often ignored, which might lead
to false results. This score improved the
performance of Amadeus by 5%.

In order to gain insight into the practical limitations of
Amadeus, we examined the target sets in which it failed to dis-
cover the correct motif. Evidently, in most cases a large fraction
of the reported target genes does not contain a BS within the
1200-bp promoter region we analyzed. For example, Boyer et al.
(2005) used promoter arrays against the �8-kb to +2-kb region
relative to the TSS. Only 30% of the genes they reported as targets
of NANOG contain a binding event within 1 kb upstream of the
TSS. Another example is HSF (heat-shock factor), which is repre-
sented in our compendium by two target sets—human and fly. In
both cases, it seems that the overrepresentation of the BS motif is
borderline, which explains why none of the tools we tested ac-
curately recovered the motif. Using a combined analysis of both
sets together, a unique feature in Amadeus, we were able to suc-
cessfully discover the correct binding pattern (Supplemental
Fig. 7).

In this study, we also demonstrated application of Amadeus
to genome-wide motif analysis, which can be applied to any ge-
nome with a sufficient number of cis-regulatory sequences with-
out need for target sets from prior experiments. Using various
statistical scores, Amadeus discovered an assortment of biological
phenomena. Searching for motifs with nonrandom chromosom-
al distribution in fly and worm revealed the Dref and 21U-RNA–
related patterns, respectively, which were found recently using a
combination of experimental and computational techniques.

Localization analysis of human and mouse promoters recov-
ered known mammalian TF motifs, the splice donor site, and two
novel motifs. The first novel motif (ACTACAWYTC) was also
discovered independently by high-throughput location analyses
for ESR1 (ER-�) (Kwon et al. 2007), RUNX1, and ETS1 (Hollen-
horst et al. 2007). Running Amadeus on these sets reproduced the
motif, which apparently has diverse biological functions. Interest-
ingly, the motif has a significant strand bias (the only other local-
ized human TF we found with a strand bias was TATA-box), and like
NF-Y, it is over-represented on chromosome 19. Very recently,
Sinha et al. (2008) used a decoy corresponding to a variant of this
motif, reported in Xie et al. (2005), in order to experimentally vali-
date that it has a regulatory role in cell-cycle progression. The

Figure 5. Genome-wide chromosomal preference analysis of C. elegans promoters. (A) Screenshot of
Amadeus output, showing the top-scoring motif found in the analysis. The motif is highly overrepre-
sented on chromosome IV (P = 8 � 10�63). (B) The motif reported by Ruby et al. (2006), found
upstream of many 21U-RNAs, is nearly identical to the one identified de novo by Amadeus.

Table 2. Main results of human and mouse genome-wide
localization analysis

Amadeus was run on all human and mouse promoters and searched de
novo for motifs that are significantly localized (i.e., overrepresented at a
particular distance from the TSS, measured in bins of size 30) in both
species. Approximately 23,000 and 24,000 human and mouse promot-
ers, respectively, were analyzed. Promoters spanned from 500 bp up-
stream to 100 bp downstream of the TSS. Both known and novel motifs
were found. All P-values listed in the table are for human. “Peak” refers to
the center(s) of the location bin(s) with the largest motif occurrence rate.
Amadeus also tests whether the motif occurrences are distributed non-
uniformly between the strands (“Strand bias” column, showing the sig-
nificance in human) or across the chromosomes (“Chrom pref.” column,
showing also the overrepresented chromosome in human in parentheses).
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second motif (CTCGCGAGAT), reported also by FitzGerald et al.
(2004), was shown to regulate ARF3 in vivo (Haun et al. 1993).

The localization analysis results obtained by Amadeus on
both human/mouse and fly promoters compare favorably with
other, specially tailored methods (Ohler et al. 2002; FitzGerald et
al. 2004): In a single run, Amadeus discovered all the motifs
reported by those methods and supplied additional information
on their strand and chromosomal distributions. We therefore
believe that Amadeus may be used as a general tool for genome-
wide motif discovery tasks, aimed at uncovering sequence pat-
terns with various global features.

In addition to sensitivity, efficiency, and supporting mul-
tiple target sets and scores, we focused on developing a friendly
and informative graphical user interface in order to make Ama-
deus easily accessible and beneficial to a wide range of users.
Built-in algorithmic features, such as pairs analysis and boot-
strapping, as well as various graphical and textual displays of the
motifs, the scores they attained, and their putative BSs, make it
easier for the user to understand the nature of the discovered
motifs and highlight the most biologically interesting ones. The
Amadeus software (standalone Java application) and our com-
pendium of TF and miRNA target sets are accessible at http://
acgt.cs.tau.ac.il/amadeus. We are continuing to implement novel
features in Amadeus and to add newly published data sets to the
compendium.

Methods

Genomic sequences and binding patterns
Promoter and 3� UTR sequences (repeat- and coding-sequence-
masked) of human, mouse, fly, and worm were extracted from
Ensembl (Birney et al. 2004). Yeast promoters were downloaded
from SGD (http://www.yeastgenome.org). Binding patterns of
TFs and miRNAs were taken from TRANSFAC (Wingender et al.
1996) and miRBase (http://microrna.sanger.ac.uk/sequences), re-
spectively. For more details, see Supplemental material.

Target sets of metazoan TFs and miRNAs
We collected 42 TF/miRNA target sets from the literature, focus-
ing on sets obtained using high-throughput techniques, such as
gene expression microarrays and ChIP-chip assays. We included
only TFs and miRNAs whose binding patterns are described in
TRANSFAC and miRBase, respectively. Genes were mapped to En-
sembl gene IDs using Biomart (http://www.biomart.org). In order
to avoid strong dependencies between the target sets, we verified
that no two sets of the same TF/miRNA have an overlap greater
than 30%.

For the TF data sets, we used promoter sequences spanning
from 1000 bp upstream to 200 bp downstream of the TSS, a range
that covers most of the promoter array sequences and is often
used in computational promoter analysis; for the miRNA data sets,
we used full-length 3� UTRs (coding strand only); repetitive and
coding sequences were masked out. The total sequence length of
the target sets is 383 kbp on average, much larger than the yeast
ChIP-chip data sets (35 kbp) and Tompa’s benchmark (8 kbp).

Amadeus software and algorithms
Amadeus executes a series of refinement phases where each phase
gets as input a list of motif candidates, applies an algorithm for
refining the list, and produces a set of improved candidates,
which serves as a starting point for the next phase. Each phase
uses a different motif model, which best suits its algorithm and

performance requirements. Generally, the first phases use simple
motif models and enumerate a very large number of candidates,
whereas the final phases evaluate a smaller number of more com-
plex motifs, namely PWMs. Motifs in each phase are evaluated
using one or more score functions: enrichment, localization,
strand bias, and chromosomal preference, which are combined
into a single P-value (see below). The phases of Amadeus, in their
running order, are preprocess, mismatch, merge, greedy, postprocess,
and pairs analysis (see Fig. 1).

In the preprocess phase, all k-mers are evaluated, where k, the
motif length, is a user-defined parameter. In the mismatch phase,
the motif model is changed from a k-mer to a list of k-mers by
introducing degenerate positions into the k-mers. Afterward, the
merge phase combines pairs of similar motifs. This is done recur-
sively until no new high-scoring similar pairs are encountered.
The greedy phase constructs a PWM from each motif and opti-
mizes it using a greedy EM-like iterative process: In each itera-
tion, it searches for the PWM cutoff that yields the best score, and
then the occurrences in the target set that pass this cutoff are
used to build a new, refined PWM; this process is repeated as long
as the score improves. Finally, in the postprocess phase, redun-
dancy is eliminated by removing every motif, for which there
exists a higher scoring motif, such that more than 5% of their
occurrences overlap. The final list of discovered motifs is then
compared with a database of known PWMs (TRANSFAC for TFs,
miRBase for miRNAs), and all similarities with PWM divergence
below 0.24 are reported. Additional statistics and information are
provided for each motif to assist the user in evaluating the results
(Supplemental Fig. 2). In the optional pairs analysis phase, Ama-
deus reports pairs of motifs that tend to co-occur within the same
cis-regulatory sequences.

Other important features we implemented in Amadeus in-
clude automatic removal of redundant sequences (to avoid biases
in the analysis due to families of paralogous genes with nearly-
identical cis-regulatory sequences) and bootstrapping (to correct
the reported P-values for multiple testing, by repeating the entire
analysis on randomly selected gene sets). By utilizing highly ef-
ficient data structures, designed to minimize running time and
memory consumption, Amadeus is able to check a huge number
of candidate motifs and analyze quickly whole-genome cis-
regulatory sequences. For more details, see Supplemental material.

Scores for evaluating motifs
Amadeus evaluates each candidate motif using one or several
model-independent score functions, chosen by the user. The P-
values computed for multiple score functions and/or target sets
are combined into a single P-value using the Z-transform (Whit-
lock 2005).

HG enrichment score
Let B and T (T⊆B) denote the BG and target sets, respectively, and
let b and t denote the subset of genes from the BG and target set,
respectively, that contain at least one occurrence of the motif
(hit, in short) in their cis-regulatory sequence. The HG enrich-
ment score computes the probability of observing at least |t| tar-
get sequences with a motif occurrence, under the null hypothesis
that the genes in the target set were drawn randomly, indepen-
dently, and without replacement from the BG set (Elkon et al.
2003):

HG score = HG tail � |B|,|T|,|b|,|t| � = �
i=|t|

min�|T|,|b|� � |b|

i �� |B| − |b|

|T | − i �
� |B|

|T |�
.
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Binned enrichment score
The genes are divided into n bins according to the GC-content
and length of their cis-regulatory sequences. Let Bi and Ti be the
BG and target set genes, respectively, in the ith bin, and denote
by bi the subset of genes from Bi whose sequence contains a hit.
The goal of this score is to account for cases where the fraction of
targets is uneven across bins. Suppose that targets within each
bin are selected uniformly. Then, in bin i the probability that a
selected gene will contain a hit (i.e., belong to bi) is |bi|/|Bi|. Since
the fraction of targets in bin i is |Ti|/|T|, it follows that the prob-
ability that a selected gene will contain a hit is

pm = �
i=1

n |Ti|
|T | �

|bi|
|Bi|

.

Assume now that |T| target genes are sampled with replacement
from B. Then, the probability for having at least |t| target genes
with a motif occurrence is given by the tail of the following
binomial distribution:

Binned score = Binomial tail � |T |,pm,|t| � = �
i=|t|

|T | � |T |

i �pm
i�1 − pm�|T |−i.

Note that this score does not use the number of targets that
contain a hit in each bin separately, but rather the total t.

Strand-bias score
The score uses a binomial test to measure the tendency of the
motif to occur in one of the strands more often than in the other.
A strong strand bias could, for example, indicate that the motif
has a post-transcriptional role, as it may be related to the gene’s
RNA.

Localization score
The score estimates whether the occurrences of the motif tend to
cluster at specific distances from the TSS. The hits are partitioned
into bins according to their location; for each bin, a binomial test
computes the overrepresentation of hits in that bin under the
null hypothesis that the hits are distributed randomly among the
bins (i.e., according to the total number of k-mers in each bin);
finally, the bin with the lowest P-value is chosen and its score is
Bonferroni corrected for multiple testing.

We implemented three variants of the localization score:
The “BG” and “Target” variants compute the localization of the
hits in the BG and target set, respectively (a motif may exhibit
localization across the entire genome, or only for target-set
genes); in order to account for global location-dependent biases
in the nucleotide composition, the “Target vs. BG” variant
checks whether the occurrences of the motif in the target-set
tend to localize given the distribution of their locations in the
rest of the genome. For a detailed explanation, see Supplemental
material.

Chromosomal-preference score
In order to test whether the motif is not distributed evenly
among the chromosomes, the enrichment of the motif in each
chromosome is evaluated using the HG distribution; the smallest
P-value is chosen and Bonferroni corrected for multiple testing.

Pairs of co-occurring motifs
In order to find pairs of cooperative TFs (or miRNAs), Amadeus
checks the co-occurrence rate of each pair of motifs by comput-
ing the following HG tail probability:

Pair score = HG tail � |T |, |t1|, |t2|, |t12| �,

where T is the target set; t1 and t2 are the subsets of target genes
that contain at least one occurrence of the first and second motif,
respectively; and t12 is the subset of target genes that contain hits
for both motifs. Applying an EM-like procedure similar to the
one used for single motifs, the PWMs comprising the pair of
motifs are tuned in order to optimize the co-occurrence score.
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