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he regulation of gene expression by the binding of transcription
factors (TFs) is a critical component of the cellular machinery.
The joint activity of different TFs is essential for cells to respond to
a wide spectrum of environmental and developmental signals (1,
2). A recent series of encyclopedia of DNA elements (ENCODE)
project papers conﬁrmed the importance of this combinatorial
activity (3–6). Salient combinations of more than two TFs are
commonly found in both mammals (7, 8) and plants (9, 10);
however, existing computational methods are not sufﬁciently
powerful to uncover these combinatorial regulations comprehensively. The earliest computational studies aimed to ﬁnd
a single TF-binding motif signiﬁcantly associated with the expression levels of downstream genes, which is not appropriate for
the detection of salient combinations because of their synergistic
effects. The prioritization of motifs using machine learning methods
such as support vector machine (SVM) and sparse regression (11–
15) often falls short, as they mix up different mechanisms leading to
the same phenomenon. Although a screening of all pairs of motifs
(16–20) provides much better results than the single screening
process, it will not discover higher-order effects. Using the current
computational power, a comprehensive screening of combinations
of three or more motifs may be possible. A crucial problem, however, is how to assess the statistical signiﬁcance of discovered motifs.
When combinations of up to k motifs are considered, the
number of tested combinations increases exponentially to k. It is
well known that multiple tests may cause serious false positive
problems. Hence, a multiple testing correction must be used (21).
The family-wise error rate (FWER) indicates the probability that
at least one false discovery happens in multiple tests. This rate
increases at most linearly as the number of tests increases, which
motivates the Bonferroni correction (22) that multiplies the raw P
value by the number of tests. Because of the exponential growth in
the number of tests, the discovery of combinations of higher-arity
motif combinations (combinations of many motifs) is extremely
unlikely, even with more sensitive corrections (23–28).
The problem with the Bonferroni correction is that the bound on
FWER is proportional to the number of tests. However, as Tarone
(26) showed in his pioneering paper, not every test increases
the FWER. Thus, the Bonferroni factor may be improved by
www.pnas.org/cgi/doi/10.1073/pnas.1302233110

deliberately excluding such tests. Here, we propose an efﬁcient
branch-and-bound algorithm, called the “limitless arity multipletesting procedure” (LAMP). LAMP counts the exact number of
“testable” motif combinations and derives a tighter bound of
FWER, which allows the calibration of the Bonferroni factor as
the FWER is controlled rigorously under the threshold.
In comparison with existing methods that can ﬁnd only twomotif combinations, our testing procedure may contribute to ﬁnding larger fractions of regulatory pathways and TF complexes, thus
providing more concrete evidence for further investigation. In
legacy yeast expression data (29), a four-motif combination corresponding to a known pathway was found using LAMP, whereas
only two motifs in the combination had been predicted using the
existing method. When applied to human breast cancer transcriptome data (30), combinations of up to eight motifs were
found to be statistically signiﬁcant.
Results
Method Overview. To present our strategy for combinatorial regu-

lation discovery, we assume the following simple scenario (Fig. 1).
Only one expression level is available for each of the N genes. If
a conserved binding motif of a TF exists in the regulatory region of
a gene, the motif is regarded to target the gene. For a given motif
combination, the genes are partitioned in two ways. In one way,
the genes are classiﬁed into x targeted and N − x untargeted genes,
depending on whether they are targeted by all members of the
motif combination. In the other way, the genes are classiﬁed into
nu up-regulated genes and N − nu unregulated genes. If the P
value of the division derived from Fisher’s exact test is below
a threshold δ, the motif combination is considered regulatory.
The principle behind the Bonferroni correction (22) is simple.
Given m hypotheses, FWER is not higher than δm because of
Boole’s inequality. In the Bonferroni correction, δ is determined
as α=m, which means that FWER ultimately is controlled under
the signiﬁcance level α. If up to k-motif combinations are considered, the number of hypotheses m increases exponentially
with k, which makes the threshold δ extremely small.
Interestingly, if the number of target genes x is sufﬁciently
small, the motif combination may be ignored as nonregulatory
without performing the test. Using Fisher’s exact test, the raw P
value cannot be smaller than
 . 
N
n
f ðxÞ = u
x
x
(Methods). Thus, if δ < f ðxÞ, this motif combination can never be
signiﬁcant, regardless of the expression levels targeted by the
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More than three transcription factors often work together to enable
cells to respond to various signals. The detection of combinatorial
regulation by multiple transcription factors, however, is not only
computationally nontrivial but also extremely unlikely because of
multiple testing correction. The exponential growth in the number of
tests forces us to set a strict limit on the maximum arity. Here, we
propose an efﬁcient branch-and-bound algorithm called the “limitless arity multiple-testing procedure” (LAMP) to count the exact
number of testable combinations and calibrate the Bonferroni
factor to the smallest possible value. LAMP lists signiﬁcant combinations without any limit, whereas the family-wise error rate is
rigorously controlled under the threshold. In the human breast
cancer transcriptome, LAMP discovered statistically signiﬁcant
combinations of as many as eight binding motifs. This method
may contribute to uncover pathways regulated in a coordinated
fashion and ﬁnd hidden associations in heterogeneous data.

BIOPHYSICS AND
COMPUTATIONAL BIOLOGY

Edited by Wing Hung Wong, Stanford University, Stanford, CA, and approved July 3, 2013 (received for review February 4, 2013)

A

B

Gene expressions
of target genes
Up

C
p-value

Down

Motif1
Motif1
Motif2

Motif1, 2, 3

Motif3
Motif3

Motif1, 2, 3

Motif2

Fig. 1. Salient three-motif combination. (A) Expressions of genes targeted
by the motifs. In the ﬁrst three boxes, the blue bars represent the expression
levels of the genes targeted by each motif, whereas the bottom box represents those of the genes targeted by all three motifs. The genes in the red
region are up-regulated, and those in the white region are unregulated. (B)
P values of the motifs. Although any single motif is not signiﬁcant, the threemotif combination is signiﬁcant. (C) Flower diagram representation of the
three-motif combination. Each petal corresponds to a single motif, and the
center circle represents the motif combination. Color encodes the P values,
and statistically signiﬁcant ones are shown in red.

combination. This type of combination is called “untestable” (Fig.
2A). Tarone (26) showed that FWER does not increase with the
addition of untestable combinations. Using this fact, the FWER
bound can be tightened from δm to δm′ (Fig. 2B), where m′ is the
number of testable combinations that can be computed by an
off-the-shelf frequent itemset mining algorithm (31–33) (see
Methods for the full algorithm). This tightening leads to a dramatic
reduction of the Bonferroni factor and enables us to discover
statistically signiﬁcant motif combinations without an arity limit.
Most analyses involving multiple testing correction use the adjusted
P value instead of the correction of δ. Suppose p is the raw P value, and
the adjusted P value of LAMP is calculated as pm′ and is compared
with α. In the following analysis, we use the adjusted P value.
This method may be extended to other types of data, and the
same principles may be applied to other types of statistical tests,
including the Mann–Whitney U test for a single ranked series (see
SI Appendix, Supporting Text 1 for details). Given a clustering result based on expression levels, the genes that belong to one of the
clusters may be used as a substitute for the up-regulated genes.
Applications to Yeast Transcriptome. Our analysis of yeast gene
expression data yielded statistically signiﬁcant but previously
uncharacterized higher-arity motif combinations. The known
or putative target genes of each known motif were collected
from available ChIP–chip data (34). Microarray data from
Gasch et al. (29), reﬂecting gene expression levels under 173

stress environments, also were used. A gene was considered
up-regulated if its log2 ratio of expression level in target environment to that in control environment was at least 1.5. One-sided
Fisher’s exact test was used, and the FWER was controlled under
α = 0:05 by the Bonferroni method and LAMP. The FWER is
deﬁned with respect to each environment separately. All motif
combinations discovered are listed in SI Appendix, Table S1A.
The number of testable combinations m′ was optimized for
each environment. The value of m′ was in the range of 233–702
when maximum arity was not limited, whereas the original
Bonferroni factor m was 5,253 when maximum arity was two,
which implies that LAMP has a higher sensitivity than the
Bonferroni method. A total of 326 motif combinations were
discovered, which is 1.70-fold higher than the number of motif
combinations found using the Bonferroni correction (with a
maximum arity of two) (SI Appendix, Supporting Text 2).
In the heat shock environment (shift from 25 °C to 37 °C),
LAMP detected six motif combinations, including a four-motif
combination, whereas the Bonferroni method found three singletons when the arity was limited to two and two singletons
when the limit was set to three or four, failing to ﬁnd any combinatorial regulations (Table 1). The members of the four-motif
combination are bound by PHD1, SUT1, SOK2, and SKN7, respectively (34). Surprisingly, no single motif in the four-motif
combination had a statistically signiﬁcant P value (Fig. 3).
According to the literature, PHD1, SUT1, and SKN7 are
recruited by Tup1 (35, 36), a repressor under growth conditions, and the other gene, SOK2, is a candidate Tup1 recruiter
(36), which suggests that all TFs bound to the motif jointly
regulate genes within the Tup1-characterized pathway. Yu et al.
(19) performed a comprehensive scanning of two-motif combinations with the expression data that includes our data. Indeed,
they predicted a part of this four-motif combination (PHD1 and
SKN7), but they failed to discover the whole combination. As
shown in Fig. 3A, seven genes are found to have the four-motif
combination in their regulatory regions, ﬁve of which, including
a heat shock response TF (MGA1), stress response TF (MSN4),
and heme activator protein (HAP4), are up-regulated. All proteins translated from the ﬁve genes are located in the nucleus,
and three of them are related to RNA polymerase II, according
to the Saccharomyces Genome Database (37), which suggests
that this motif combination plays a role in the upstream regulation of the heat shock response.
LAMP found a four-motif combination on rafﬁnose medium;
this combination consists of the binding motifs of the heme
activators HAP1, HAP2, HAP3, and HAP5 (adjusted P value =
0.00754). Yu et al. (19) also detected a part of this combination
(HAP3 and HAP5) but overlooked the higher-arity combination.
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Fig. 2. Relationships among threshold δ, the minimum P value f(x) of each motif combination, testable combinations, and the FWER bound. (A) Testable
combinations. The bars represent the raw P values of motif combinations, and the red points on the bars indicate their minimum P values. The minimum P
value of each combination is always below the raw P value. Testable motif combinations whose minimum P values are smaller than δ are illustrated in red. The
testable combinations have the possibility of being considered regulatory. The number of all combinations of M motifs is 2M − 1, which is the Bonferroni
factor without arity limit. (B) Comparison of FWER bounds between LAMP and Bonferroni correction. The FWER bound should be controlled under α. For a
threshold δ, the FWER bound of LAMP is signiﬁcantly smaller than that of the Bonferroni method, which indicates higher sensitivity of LAMP.
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Table 1. Statistically signiﬁcant motif combinations under a yeast heat shock condition
Adjusted P value
Bonferroni
Motif combination
HSF1
MSN2
MSN4
SKO1
SNT2
PHD1, SUT1, SOK2, SKN7

No. of target genes

LAMP

69
21
24
6
18
7

4.41E-24
3.73E-11
0.000532
0.00839
0.0192
0.0272

Max. arity ≤2 Max. arity ≤3 Max. arity ≤4
7.64E-23
6.46E-10
0.00923
0.145
0.333
—

2.57E-21
2.18E-08
0.311
>1
>1
—

6.44E-20
5.45E-07
>1
>1
>1
>1

A

Rank of gene expression
Up

treatment with 0.5 nM EGF (adjusted P value = 0.0137). Surprisingly, no single motif had an adjusted P value lower than 1
(Fig. 4A). Furthermore, none of the combinations with arity
below six were statistically signiﬁcant (Fig. 4B). According to
existing knowledge, the eight-motif combination is highly relevant to the feature of MCF-7 cells and induced ligand type. A
ChIP–seq study conﬁrmed that some TFs bind to C/EBP, OCT1,
and FOXO4 motifs in estrogen receptor (ER)-positive cells (40),
and MCF-7 cells indeed are ER positive. Among the TFs known
to bind to the motifs, CEBPB, GR, JUN, FOXA1, and FOXK2 are
substantially expressed (SI Appendix, Supporting Text 3A). The
transcription factor GR is highly regulated in MCF-7 cells by estrogen treatment (41). High expression of JUN increases biologic
aggressiveness of MCF-7 cells (42).
The second largest combination (adjusted P value = 0.0209)
was a seven-motif combination identiﬁed in the cells treated with
1.0 nM EGF for 60 min. As shown in Fig. 4A, Middle, no single
motif has a signiﬁcant P value, except TATA (adjusted P value =
0.0462), which is known to be activated in the MCF-7 cells (43).
Among the expressed TFs binding to the motifs (SI Appendix,
Supporting Text 3B), MEF2 is of particular interest because it
works with NFAT (44). The combination regulates 10 genes
in total [brain-derived neurotrophic factor (BDNF), CHD2,
EYA1, HOXA2, HAS2, interleukin 1 receptor accessory proteinlike 1 (IL1RAPL1), PDZ domain containing ring ﬁnger 4
(PDZRN4), PHOX2B, PPARGC1A, and RBFOX1], ﬁve of which
are related to differentiation (BDNF, EYA1, HOXA2, PHOX2B,
and PPARGC1A) and two of which (HOXA2 and PHOX2B)
are annotated as negative regulators of differentiation (Gene
Ontology GO:0045665). In addition, Fig. 4C, Middle shows
that expression levels of the 10 downstream genes in the EGFinduced cells are higher than those measured in the HRG-induced cells for the ﬁrst 60 min. These results imply that the
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Fig. 3. Statistical signiﬁcance of the four-motif combination in yeast. (A) Expression ranks and P values of the genes targeted by the members of the
combination. Adjusted P values are used. (B) Flower diagram of the combination. Although none of the singleton motifs was considered regulatory, the
combination has a signiﬁcant P value.
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Applications to Breast Cancer Transcriptome. Although both epidermal growth factor (EGF) and heregulin (HRG) belong to
the ErbB family receptor ligands (38), EGF induces the proliferation of MCF-7 human breast cancer cells whereas HRG
induces their differentiation (the accumulation of lipid droplets).
A transcriptomics study (30) suggested the existence of unidentiﬁed mechanisms by which the same family ligands produce
different patterns of early responsive gene expression. By using
LAMP to reanalyze the gene expression proﬁle of breast
cancer cells treated with these two ligands, we identiﬁed statistically signiﬁcant motif combinations related to proliferation- and
differentiation-speciﬁc pathways. We applied LAMP with a onesided Fisher exact test under the signiﬁcance level α = 0:05. The
gene expression proﬁles were observed from 55 different conditions
(30), which were stimulated with 0.1, 0.5, 1, and 10 nM of either
EGF or HRG for 5, 10, 15, 30, 45, 60 (HRG only), and 90 min, and
two controls. A gene was considered up-regulated if its expression
level in the experimental sample was more than twice that in the
control sample. We also used curated data from the Molecular
Signatures Database (MSigDB) (39), including 397 types of binding
sites, to determine the relationships between motifs and genes.
Nomenclature of the motifs is due to MSigDB. The discovered
motif combinations are listed in SI Appendix, Table S1 B and C. The
value of m′ was ranged from 2,700,718 to 3,750,336 for EGF and
from 1,174,108 to 2,874,627 for HRG. These values are 4,000 times
higher than the value obtained in the yeast analysis, which reﬂects
the greater complexity of the regulation of the human transcriptome. Our method found a total of 43 and 23 motif combinations in the EGF- and HRG-induced cells, respectively, including
one eight-motif combination, whereas the Bonferroni correction
(with a maximum arity of three) detected only 19 and 7 combinations, respectively, and found at most one three-motif combination.
Fig. 4 shows the statistically signiﬁcant high-arity combinations.
The largest eight-motif combination was found after 15 min of
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The bold numbers are signiﬁcant after the correction. The optimal Bonferroni factor m′ in LAMP is 167,
whereas the Bonferroni factors are 5,253, 176,953, and 4,426,528 for maximum arities of 2, 3, and 4, respectively.
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Fig. 4. Statistically signiﬁcant high-arity motif combinations in breast cancer cells. (A) Flower diagrams of motif combinations. (B) Adjusted P values of all
subsets of the combinations. Each box represents one combination, and the color illustrates its P value. The k-th row consists of k-motif combinations. This
ﬁgure shows that no subset with arity of two or three is signiﬁcant. (C) Expression changes over time of the target genes of the k-motif combination. The
averages and SDs of the expressions are represented as lines and color regions, respectively.
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combination plays a negative regulatory role for differentiation in response to EGF.
A ﬁve-motif combination was found after 30 min of treatment
with 10 nM HRG (Fig. 4 and SI Appendix, Supporting Text 3C).
The combination targets 11 genes (BDNF, CYR61, EGR2, EHF,
ETV1, HOXB3, HOXB6, ID2, IL1RAPL1, PDZRN4, and SOX5).
Their average expression levels were higher than those observed
in the EGF-induced cells, which suggests that the combination
committed the cell toward an HRG-speciﬁc regulatory pathway.
LAMP identiﬁed several high-arity combinations that would
have been missed by single-motif or motif-pair scans, providing
a deeper understanding of the ligand-speciﬁc pathways. About half
the genes targeted by the discovered high-arity combinations are
related to the regulation of transcription; LAMP may contribute to
capture key regulations that determine cell fate. Note that the
biological views presented here are only hypothetical. Extensive
biological investigation is necessary to conﬁrm the hypotheses.
Discussion
To demonstrate that LAMP improves the detection of combinatorial regulations, we computed empirical FWERs with the 1,000
permuted sets of yeast data used to compute Table 1 and compared the FWERs with the Bonferroni correction. The signiﬁcance level α was set to 0.05. Although the Bonferroni correction
never found signiﬁcant combinations from the permutation data
(with a maximum arity of three), the average FWER computed by
LAMP was 0.013 (Fig. 5A), which demonstrates that the detection
power of LAMP is potentially higher than that of the Bonferroni
correction. We also computed the empirical FWER using human
4 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.1302233110

cancer cell data (Fig. 5B). As in the yeast data analysis, the results
showed that the detection power of LAMP was higher than that of
the Bonferroni correction.
The calculation speed of LAMP is sufﬁciently fast compared
with other correction methods. As shown in Fig. 5C, LAMP required less than 1 s to analyze the yeast data (even without an
arity limit), whereas the computing time of the Bonferroni correction increases exponentially with the number of tests. For the
human data (Fig. 5D), LAMP required 2.3 h without an arity
limit, which was faster than the Bonferroni method (maximum
arity of three or greater). The estimated computing time for the
analysis of all possible combinations of the yeast data using the
Bonferroni method is more than 1020 y. Thus, the branch-andbound algorithm dramatically reduced the computing time. LAMP

also is faster than other sensitive corrections, such as Sidák’s
(23)
and Holm’s (24) corrections. These corrections require listing
and sorting an intractable number of tests when high-arity combinations are considered. LAMP avoids this calculation using a
frequent itemset mining technique. Another approach for avoiding
false discoveries in multiple testing is estimation of the error rate
with random sampling-based methods (45–48). This approach
would require an extraordinarily large amount of time because a large number of hypotheses must be investigated to
discover high-arity combinations.
LAMP may be applied to any statistical test as long as the
minimum P value is strictly positive. An important exception is the
t test (45), whose minimum P value is always zero, because only
one outlier can make the P value arbitrarily small. In this paper, we
preferred Fisher’s exact test despite the need to set a threshold for
Terada et al.

B

0.04
FWER

0.03

0.04

Bonferroni

0.03

0.02

p=

0.01

0.01

0

0

C

2 3 4
Maximum arity

102

1

2

3
4
Maximum arity

LAMP

10,000

397

D
10,000,000

100,000

Bonferroni

100
10
1

LAMP
Bonferroni

100,000
10,000
1,000
100
10
1

0
1

2
3
4
Maximum arity

102

1

2

3

4

397

Maximum arity

Fig. 5. Comparison of the results of LAMP with those of Bonferroni corrections using randomly permuted datasets. (A and B) Comparisons of the
empirical FWERs of LAMP with those of the Bonferroni correction with
respect to the yeast and human data, respectively. (C and D) Computational time for the analysis of the yeast and human data, respectively.
Note that the y-axis is in log scale.

expression levels, because up-regulation by external signals has to
be discriminated from natural ﬂuctuations. The Mann–Whitney
U test may have been another choice, because it does not require
dichotomization; however, the P value is likely to be affected by
small expression changes not caused by the signal of interest.
We investigated how our results change with different thresholds (SI Appendix, Supporting Text 2) and observed that a lower
threshold leads to a larger number of discoveries. Although it is
common to determine the optimal threshold to maximize the
number of discoveries (49), it leads to an unconventionally low
threshold that cannot be justiﬁed from biological viewpoints. In
our experiments, the threshold is selected so that it is large
enough to rule out natural ﬂuctuations and a large number of
high-arity combinations are discovered.
The control of false discovery rate (FDR) instead of the FWER
often is enough in biological problems (21, 45). Combining an
FDR controlling method such as Benjamini–Hochberg (27) or
Storey–Tibshirani (28) with the itemset mining algorithms we
have done for the Bonferroni is a challenge for further research.
In our yeast and human experiments, multiple-testing correction
was performed separately for each environment. To obtain statistically stronger results, environment-wide correction would be
necessary. LAMP possibly may be extended to this case by using
an environment-wide mining algorithm. In this paper, we focused
on ﬁnding signiﬁcant joint effects only, but it would be interesting to decompose the effect to multilevel interaction effects.
Also, LAMP possibly may be improved by incorporating the
method by Roth (50), which uses a noninteger correction factor.
On the application side, LAMP may be used to provide an integrated analysis of heterogeneous biological data. For example,
recent experiments have shown the chromatin status of regulatory regions: the combination of these data with information on
the binding motif sites may be used to uncover collaborative
regulations between chromatin openings and the binding of TFs.
The integration of microRNA (miRNA) targets and TF binding
sites may show orchestral regulations by miRNAs and TFs.
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Methods
Minimum P Value. Suppose we have N genes in total. We partition the genes
in two ways: one is according to whether a gene is targeted by all members
of a motif combination, the other according to whether a gene is up-regulated.
Assume that x genes are targeted, nu genes are up-regulated, and n genes are
both targeted and up-regulated. Because no value in the contingency table is
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Pðnx Þ; Pðnx Þ =

nu
nx



N − nu
x − nx




N
:
x

The P value p attains its minimum value when the contingency table is most
biased; that is, n = A or B. Because Pðnx Þ ≥ 0, the minimum value is
attained at n = B. If x ≤ nu , the minimum is achieved at n = x and described
  
 
N
nu
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as f ðxÞ =
(SI Appendix,
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negative, n ranges from A = maxf0; ðnu + xÞ − Ng to B = min fnu ; xg. Using
one-sided Fisher’s exact test, the P value of the motif combination is computed as

0.05

Algorithmic Details. Fixing a P value threshold δ, the testable combinations
are identiﬁed by computing the number of target genes x for all motif
combinations that satisfy f ðxÞ ≤ δ. Because f is a monotonic function (SI
Appendix, Supporting Text 4), it is possible to determine λ = f −1 ðδÞ. Then,
testable combinations may be collected by identifying the combinations that
target λ or more genes. Fortunately, this task may be performed efﬁciently
by an itemset mining algorithm (SI Appendix, Supporting Text 5). As shown
in Tarone (26), FWER is bounded by gðδÞ = δm′, where m′ is the number of
testable combinations.
Because the domain of x is discrete, f −1 ðδÞ is deﬁned as λ such that
f ðλÞ ≤ δ < f ðλ − 1Þ. Because of discontinuities of f −1 ðδÞ, the FWER bound is a
stepwise linear function of δ (SI Appendix, Fig. S1).
The P value threshold δ must be determined so that the FWER bound is
calibrated to a predetermined level α. To this aim, we construct the function
gðδÞ by drawing line segments in SI Appendix, Fig. S1 one by one from
bottom to top. To draw the ﬁrst segment, itemset mining is performed to
ﬁnd the combinations that target C or more genes. If the number of such
combinations is mC , the line segment is described as

BIOPHYSICS AND
COMPUTATIONAL BIOLOGY

LAMP

gðδÞ = δmC ; f ðCÞ ≤ δ < f ðC − 1Þ:
Itemset mining is repeated by decrementing the parameter one by one, and the
procedure stops if one of the end points of the line segment goes beyond α (SI
Appendix, Fig. S2). Finally, the crossing point is presented as the ﬁnal result.
Yeast Data. To perform testing, gene expression data and TF binding site
information must be combined. For gene expression data, we used microarray data observed over 173 different conditions on an average of 5,935.6
genes (29). Binding site positions are generated from Harbison et al. (34),
and gene positions used are from the Saccharomyces Genome Database (37).
We associated a motif with a gene when the TF binding site was located
between 800 bp upstream and 50 bp downstream from the transcription
start sites of the gene. The integrated data contained 102 types of motifs.
The motifs are associated with an average of 30.1 genes.
Human Breast Cancer Data. Human breast cancer data were generated from
the MCF-7 breast cancer expression proﬁle (accession no. GSE6462; normalized
using the trimmed mean method with GCOS 1.2) (30) and relationships between motifs and genes provided by the MSigDB (39). The expression data
contain samples induced by two different ErbB receptor ligands, EGF and
HRG. We removed genes whose log2 expression levels are less than 4 over all
conditions on each ligand. The numbers of genes in EGF- and HRG-induced
samples were 12,773 and 12,851, respectively. To associate TF binding motifs
with genes, we used the value “motif” in category C3 in the MSigDB (39). The
data contained a few different quality scores for each motif. To remove the
ambiguity, we merged associated genes over the different qualities for each
motif. We associated the TF data with gene expression data through GenBank ID. The number of motifs is 397, and the motifs are associated with an
average of 215.4 and 217.3 genes for EGF and HRG, respectively.
Calculation of Empirical FWER with Permutation Data. We estimated empirical
FWER and the average number of discoveries from randomly permuted data
(Fig. 5). In permutation, gene expression levels were shufﬂed randomly. The
yeast data are taken from the heat shock environment, and the human data
are from EGF, 0.5 nM 15 min. For each organism, 1,000 different permuted
datasets were generated. If at least one false discovery happened in a permuted dataset, the dataset was counted as a family-wise error. An estimate
of empirical FWER is computed as the fraction of family-wise errors among
the 1,000 datasets. In addition, the number of discoveries was recorded in
each permuted dataset, and the average over all datasets was computed.
The above experiment was repeated 10 times; Fig. 5 reports the average
of estimated values and their SDs. All experiments were conducted on
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a machine with two AMD Opteron processors at 2.3 GHz with 32 gigabytes
of random access memory running Red Hat Linux.
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Software. All programs to correct signiﬁcance levels are available from http://
seselab.org/lamp. The programs are written in Python except linear time
closed itemset miner (LCM) (33) for frequent itemset mining.
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