SUPPLEMENTARY
Appendix 1: The results about some strategies that fail to select motifs with the correct length
We test the three strategies, E-value, Information Content scoring criterion which is correlative with motif length, and length-normalized scoring criterion (respectively used by MEME, CONSENSUS, and MDscan), on the data ArgR. Our experimental results have shown that motif candidates with incorrect length often score better than a real motif according to all of three scoring criterion (Figure s1).

Appendix 2：Seeding subroutine called in the whole MREC program and construction of the motif closure.
Basic idea of the subroutine
Let us assume that each given promoter sequence si contains a motif wi that has evolved from a common ancestor w0 by mutating a few positions. If a putative ancestor is known in advance, then the motif prediction problem should be trivial because all the actual motif instances would belong to the ancestor's neighborhood, a sequences profile consisting of at least one DNA segment from each input test sequence that is closest to the ancestor. The basic idea of the subroutine is to find a motif profile which is well approximate to ancestor's neighborhood. To do so, we first define a pseudo-Hamming distance between any two l-mers, w1 and w2. Let L={1,2,…,l} represent the list of sequential positions within an l-mer, Q a subset of L, and QC the complement set of Q, i.e., L=Q∪QC . The pseudo-Hamming distance, dQ(w1, w2), between w1 and w2 with respect to the partition {Q, QC } of L is the total number of the matches between their aligned positions in Q plus the number of mismatches in QC, i.e., 
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where w[i] represents the ith letter of w. Note that the pseudo-Hamming distance relies on the partition {Q, QC } of L. Hence we call it the Q-pseudo-Hamming distance. We define a (Q,k)-pseudo-neighborhood of a word w0 as a set of all l-mers that are within k of Q-pseudo-Hamming distance to the word w0, denoted as NQ,k(w0, S), i.e.,
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Proposition Let m be a motif to be identified, which has evolved from a putative ancestor p with t substitutions, Q be the set of t mutated positions, and k be any integer ≥t. Then the (Q, k)-pseudo-neighborhood NQ,k(m, S) contains the k-neighborhood of p. 
Proof Let w be an arbitrary word within Hamming distance k to p. It follows instantly from the following inequality
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The proposition lays the foundation of the subroutine. If we assume that the motifs we are trying to identify in the given promoter sequences all have evolved from a common ancestor p by mutating in at most k positions, the proposition implies that all these motifs must belong to NQ,k(m, S), where m is an instance of the actual motif and Q is the set of positions in m at which mutations have occurred. Intuitively, it will be highly unlikely for a random word to be in NQ,k(w0, S) when k is small compared to motif length l, where w0 is an arbitrary (fixed) word and Q is an arbitrary subset on w0 with |Q|≤k. 
Now we can explain the basic idea of subroutine. It guesses an l-mer m as a possible real (l, k)-motif to be detected. Let Q be the set of positions of m that are different from the putative ancestor. If our guess is correct, then the (Q,k)-pseudo-neighborhood of the guessed l-mer m must contain all the real motifs that are within Hamming distance at most k to the putative ancestor, and the chance for a random l-mer to get into NQ,k(m, S) is very small. Therefore, the pseudo-neighborhood should have the total distance lower than the pseudo Hamming distance measured between the guessed l-mer and the pseudo-neighborhood because it might be dominated by those actual motifs.
The subroutine enumerates through all l-mers in the first promoter sequence by sliding a window consisting of l positions one nucleotide at a time, and for each current scanned l-mer, enumerates all the possible set Q of mutation positions to guess the actual motif and its mutation positions.  During the process of enumeration, the guess must be encountered correctly. The problem here is how to spot the correct guess from the incorrect ones when it is encountered. To solve this problem, we introduce a concept about total pseudo-Hamming distance between an l-mer and a set of sequences, which will be used to distinguish the correct guess from the incorrect ones.
For a l-mer m and a fixed position set Q, the Q-pseudo-Hamming distance between m and sequence si, i=1, 2, …, n, is defined as
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and the total Q-peudo-Hamming distance between m and the set S of sequences sequence si, i=1, 2, …, n, as
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, where k is the maximum number of possible mutations and 
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 a total pseudo-Hamming distance of m to the set S of sequences.
From the definition of 
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, for each l-mer m, there is a position set Q⊂m and wi⊂si, i=1, 2, …, n such that
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where {wi : i=1, 2, …, n} is referred to as a solution of m.
It is obvious that if m is an actual motif, then its total pseudo-Hamming distance is going to be outstanding. This is the main idea behind the subroutine. The subroutine is designed to distinguish the correct guess from the incorrect ones by calculating the total pseudo-Hamming distances among all the l-mers which contain the correct motif. It output top s solutions under the measure of total pseudo-Hamming distance, where s is set to be 1 as a default value in the subroutine.
PseudoCode of subMREC
Input: s1, s2, …, sn.
Output: top s sequences profiles
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   for q: from 0 on do
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 Then color the position at which the first letter of wl locates, i=i+1.
Defining the threshold c0 based on the current seed
After Seeding step, we got a bunch of seeds. For each seed, by P we denote its position weight matrix (PWM), where each nucleotide in {A, C, G, T} corresponds to a row of the matrix, each position of the seed to a column of the matrix, and the entry pi,j to the number of occurrences of letter i({A,C,G,T} observed at position j. Using the method introduced in [7], we created a score matrix M from P by using the formula
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where pi is the frequency of letter i in the shuffled data set S1, and fi,j is the frequency of letter i at position j. 
For each l-mer w={i1,i2,…,il}, we define a score vector as follows:
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where ij, j=1, ... ,l, takes one of A, C, G or T. In this program, we tuned the score matrix M to let it more favor the real data as follows: Fixing the two most outer columns on the current M that have relatively higher information content, and then we ignored those positions between the two fixed positions that are of lower information content. Then the l-mer w={i1,i2,…,il} is scored by the following formula,
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Ideally, we hope that the actual seed is composed of those instances of actual motif. However, this is not necessary. For example, some sequences in S1 might not be carriers of the actual motif at all. In this program, each seed was refined as follows: Let {w1,w2,…,wt} be the current seed, and Δk the average score of l-mers wi, i=1,2,…,l, i. e.,
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We removed those with score lower than 0.9Δk from the seed. The refined seed was in turn used to refine the score matrix M. Then threshold c0 was set up to be t1×Δk (t1=0.7 in default).
Constructing the motif closure and calculating p-value
Based on the refined score matrix and threshold c0, we construct the motif closure MC with following rules: DNA segment s belongs to MC if and only if the score of s defined on the current seed is no less than c0, i.e., 
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Then, we calculate the p-value of MC in test sequences set as described in paper and take it as the evaluation of this motif seed and take the MC as the final refined pattern set. The computational experiments showed that the Poisson distribution used in p-value calculation is very close to the real distribution of p(x) (see Figure s2).
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Figure s2. Compare the real distribution and the Poisson distribution approximation. Figures were obtained by simulating data DnaA, with two different thresholds c0=0.3Δl (Fig. A) and c0=0.7Δl (Fig. B). In each pair of bars, the blue (left) one represents the real distribution and the red (right) one is for the Poisson distribution. The real distribution was plotted after simulating S for 100,000 times; the Poisson distribution was obtained by simulating for 100 times and applying Poisson formula. Results show almost no difference between the two distributions. 
Appendix 3：PseudoCode of mainMREC
Input: a set of promoter sequences S={s1, s2, …, sn}.
Output: An actual motif seed and corresponding motif closure (several actual motif seeds and corresponding motif closures if input sequence data contains o different actual motifs)
Step 1 Seeding
      for i: from 1 to t do [repeat t times to take a subset randomly]
         randomly take a subset S1⊂S such that |S1|=|S|×70%
         call the subMREC to find s(U-L+1) seeds, i=i+1.
Step 2 Expansion
      for j: from 1 to st(U-L) do  [going through all the seeds Pj]
         calculate the score matrix Mj and threshold cj, and create the motif cj-closure MCj:
         for each DNA-segment a of length as same as the current seed s, we make decision by the following rule:
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Step 3 Evaluation
      for j: from 1 to st(U-L) do  [going through all the motif closures MCj]
         calculate P(|MCj|), and 
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Appendix 4: The generation of simulated data and Intuitive expression of experimental results.

1.  The generation of simulated data with various mutation rates.

We generated sequence sets containing a true motif with multiple instances with point mutations. In particular, a true motif ‘TTATCCACAA’, which is the consensus of binding sites for regulatory protein DNA and contain 10-nucleotides, was used as the consensus motif, which was placed into the sequence datasets after it was point-mutated based on the mutation probabilities given in Table s1. Each nucleotide in the motif was mutated to one of the remaining nucleotides according to the specified mutation rates. As many binding sites are palindromic (hence paired mutations are needed to maintain the palindrome or the stems in the corresponding secondary structure), our designed mutations have lower mutation rates at the two ends rather than uniform across the whole motif. Specifically, we divided the whole motif sequence into 3 segments, the left, the middle and the right. The number of nucleotides in the left segment (similarly, the right segment) is obtained by rounding down (rounding up for the right segment) to the closest integer the one third of the whole motif length. We calculated the average mutation rate for each nucleotide as the mutation rate of the whole motif. For example, with an average mutation rate of 0.124, we set the mutation probability for the left, the middle and the right segment of the motif to be 0.112, 0.150 and 0.112, respectively. In addition, considering that most of the regulatory regions located within a few hundred nucleotides upstream of genes (operons to be exact) in prokaryotes, we consider each test sequence set containing 13 sequences with length 200, a length commonly used for prokaryotic promoter sequences. For each of the nine mutation rates considered, we have randomly generated 100 such sequence sets with the mutated motifs embedded in their sequences.
Table s1 - Mutation rates of embedded motifs in experiments on simulated data
	Samples
	Mutation (left)
	Mutation (middle)
	Mutation (right)
	Average Mutation

	1

2

3

4

5

6

7

8

9
	0.112

0.131

0.150

0.169

0.188

0.206

0.225

0.244

0.262
	0.150

0.188

0.225

0.262

0.300

0.338

0.375

0.413

0.450
	0.112

0.131

0.150

0.169

0.188

0.206

0.225

0.244

0.262
	0.124

0.148

0.173

0.197

0.221

0.246

0.270

0.294

0.319


2.  The results of synthetic data: the overall results for experiments on synthetic data were collected here (Table s2). 
For the test on different length, we generated data same as described in last section, but with motif length various from 8 to 18. Besides, it is worth to note that we used increasing expectation mutation rates for data set with different length in order to keep a constant significance of inserted motifs (Table s2b). 
Table s2. Statistics of experiments on synthetic data.
(a) Prediction results for embedded motif with different mutation rates.
	Mutation Rates
	Motif Consensus
	Results (MREC)
	MEME   Cosmo

	
	
	L1*
	L2
	L3
	ACR#
	ACR
	ACR

	0.124 0.148 0.173 0.197 0.221 0.246 0.270 0.294 0.319
	TTATGCACAA 

TTATGCACAA

TTATGCACAA

TTATGCACAA

TTATGCACAA

TTATGCACAA

TTATGCACAA

TTATGCACAA

TTATGCACAA
	73

77

65

64

54

59

46

38

31
	22
19
24
29
33
30
39
32
33
	 5
 4
11
 7
13
11
15
30
36
	95%
96%
89%
93%
87%
89%
85%
70%
64%
	97%
90%

90%

82%

73%

69%

58%

46%

40%
	85%
90%
82%
76%
69%
67%
60%
51%
46%


(b) Prediction results for embedded motif with different length.
	Motif Length
	Mutation Rates
	Motif Consensus
	        Results (MREC)
	 MEME     Cosmo

	
	
	
	L1
	L2
	L3
	ACR
	ACR
	ACR

	8

9

10

11

12

13

14

15

16

17

18
	0.197 0.197 0.221 0.221 0.221 0.221 0.246

0.246

0.246

0.246

0.246
	GACGTCTA

GACAGTCTA 

TTATGCACAA 

TTATGACACAA 

GCAAACGTTTGC 

GCAAACGATTTGC TTGATCTATATCAA 

TTGATCTATAATCAA 

TGTGATCTATATCACA 

TGTGATCTAATATCACA 

TGTAAACTTATATATACA
	6

31

54

24

29

71

32

50

61

28

41
	31

41

24

53

54

 9

51

36

26

58

51
	63

28

22

23

17

20

17

14

13

14

 8
	37%

72%

78%

77%

83%

80%

83%

86%

87%

86%

92%
	40%

41%

62%

58%

28%

44%

61%

61%

45%

18%

46%
	30%

60%

49%

46%

52%

53%

66%

79%

60%

70%

43%


* We annotated these results by 3 levels (L1, L2 and L3 in Table) as following. Level 1: The results identically have the same length with the original embedded motif. Level 2: The results whose lengths are no more than 1 longer or shorter than the original embedded motif. Level 3: The other results. The numbers under them is the number of corresponding results among the 100 sequences set.
# We calculated the Accuracy (ACR) here by considering the level 1 and level 2 results as the correct results.
Appendix 5：The analysis about the result on MetJ.

MetJ, as a MetJ-S-adenosylmethionine transcriptional repressor, works as a dimer to interact with the promoter region and often have multiple binding sites in the same regulatory regions (Figure s3).
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Figure s3. Multiple binding sites of MetJ in E. coli K12. The orange boxes are 5 genes in 3 transcription units (TU) which are regulated by MetJ. The arrows represent the transcription start sites of TU. The gray boxes represent the binding sites of MetJ. The number under the line is the location of each TU in E. coli K12.  

Appendix 6：The detail performance of Cosmo on biology data.

Cosmo is a motif finding algorithm which contain strategy for estimating the motif length. It adopt a number of statistic techniques, such as maximum likelihood, Akaike’s Information Criterion (AIC), Bayesian Information Criterion (BIC), the E-value of the aligned predicted motifs, likelihood-based cross-validation, and truncated likelihood-based cross-validation to choose the motif length. We ran Cosmo with an input length range [5, 20] and all statistic strategies provided respectively. In the paper, we only show the results obtained by Cosmo with applying BIC, which is default choice of Cosmo. The detailed results about all strategies were collected in Table s3. 

Table s3. The performance of Cosmo on E.coli data.

	Data 
	length
	Lik
	AIC
	BIC
	Eval
	likCV

	ArgR
CpxR
Crp
DnaA
Fnr
FruR
Fur
GntR
LexA
MetJ
NarP
NtrC
PhoB
PurR
TrpR
TyrR
	14
14
16
10
14
14
16
14
16
16
16
14
16
16
16
18
	20
20
20
19
20
18
20
20
20
20
19
20
20
20
20
19
	20
15
20
19
20
18
19
16
20
20
17
20
20
20
20
19
	20
15
18
19
20
14
19
17
20
20
20
20
12
17
20
19
	18
16
20
19
18
13
20
14
20
20
12
18
20
17
11
19
	20
15
19
19
20
15
19
14
19
20
11
18
11
15
16
19


Terms in the first column represent the names of transcription factors. The numbers in the second column are the real motif lengths. Remaining numbers in the table are the motif lengths chosen by Cosmo.
Lik:

maximum likelihood

AIC:

Akaike’s Information Criterion

BIC:

Bayesian Information Criterion

Eval:
the E-value of the aligned predicted motifs

likCV:
likelihood-based cross-validation
Appendix 7：Test of 3 tools on E. coli data with noise sequences
For the purpose of testing the tolerance of MREC for noise sequences, we generated data sets based on 16 E. coli data sets used in the paper by adding some random sequences to them. In detail, for each set with n sequences, we added about 0.3n random sequences into the set. 
Table s4: Prediction by MREC, Cosmo and MEME on the E. coli data set with noise sequences

	TF
	Known Motifs (L, N) *
	MREC Result (L, N) 
	Cosmo(BIC) Result (L, N)
	MEME Result (L, N)

	ArgR
CpxR

CRP
DnaA
Fnr
FruR
Fur

GntR

LexA

MetJ
NarP

NtrC
PhoB

PurR
TrpR

TyrR
	TGAATAATAATTCA

(14,24)
GTAAAATTTTGTAA

(14,44)

TGTGANNNNNNTCACA

(16,281)
TTATGCACAA

(10,21)
TTGATCTATATCAA

(14,92)
TGAATCGTTTCAGC

(14,11)
AATGATAATCATTATC

(16,89)

TGTTACCCATAACA

(14,24)

CTGTATATATATACAG

(16,25)

AGACGTCTAAACGTCT

(16,65)
TACCCCTAAAGGGGTA

(16,38)

TGCACCAAAATGGTGC

(16,33)
TGTCATAAATCTGTCA

(16,17)

GAAAACGTTTGC

(12,18)
GTACTAGTTAACTAGT

(16,34)

TGTAAACTTATATATACA

(18,15)
	TGAATAAAAATTCA

(14,20)

TTATATTTTTAAATTATTT

(19,5)×
TGTGATCTAGATCACA

(16,197)

TTATCCACAA

(10,12)

TGATTTACATCAA

(13,55)

CTGAATCGTTTCAGCAGG

(18,6)

ATAATGATAATGATTAT
(17,47)

ATGTTACGCGTAACAT

(16,5)

TACTGTATATACATACAG
(18,12)

CATCTGGACGTCTAAA
(16,41)

TACCCCTATAGAGGTA

(16,7)

TGCACCAATCTGGTGC

(16,20)

CTGACATAAATCTGTCAT

(18,5)

GAAAACGTTTGC

(12,17)

ACTAGTTAACTAGTTC

(16,12)

TGTAAATTAATATTTACA

(18,10)
	ATGAGTATAAATATTCAT#
(18,22)

CGCTATCG

(8,1)×
ATGTGAATCAGATCACATT

(19,52)

AGCAAAAACTGTGCCAGAG

(19,0)×
TTGAAATTGATCAATGTCAA

(20,40)

GCAGAATCTCAGC

(13,11)

CGCACCGGGACCCGGTGCG

(19,6)×
TGTTATTCTTACCAATGAAA

(20,8)

ACTGTGTATATATACAGAAT

(20,10)

TGTGGACGACTAAACATATA

(20,42)

TACCTACCCAAAGATAGTTA

(20,16)

TGCACCATTATGATGCAGCA

(20,19)

CGCGCAGACAGCA

(13,1)×
GAAAACGCTTGCGC

(14,15)

TGAACTAGCGTTCTAGTTAA

(20,11)

TGTAAATTAATATTTACAG

(19,9)
	TTATTGAATAAAAATACACT

(20,10)

GTAAAAATATGTAAA

(15,8)

AAAATGTGAAGCAGATCAC
(19,126)

TAGCAACAACTGTGCCAGAG

(20,0)×
ATTGATCTAGATCAAATT

(18,30)

GCTGAATCGAT

(11,6)

ATAATTATTTTCATTTTCAT

(20,23)

GCGATACTACGCCTGGCGGC

(20,0)×
ACTGTATATTTATACAGTAA

(20,10)

TCTGGACGTCTAAACGGATA

(20,36)

ACCAGCAGAAATAACCCTGG

(20,2)×
TGCACCATTCTGGGGCACCA

(20,9)

GCCCTTCACGGCGCAACCGG

(20,0)×
AGGAAAACGTTTGCGT

(16,15)

GGCGCACTCCCGTTCTGGAT

(20,0)×
TGTAAATTTTTATTTACAC

(19,7)

	Total
	831
	471
	264
	282


*The numbers in a parenthesis denote the length and binding sites number of a motif. respectively. 
#The segments with underline are the overlap parts with real motifs.
×The actual motif was completely missed. 

Table s4 summarized the predicted results by 3 tools. After running MREC on data sets with noise sequences, we analyzed its performance on two aspects. The first one is the accuracy of motif consensus, e.g. the motif length, and the second one is the number of motifs detected by algorithms. The results (Table s4 and Table 1) show that the accuracy of detected motif consensus reduced comparing with original data. For the number of motifs detected, even the total number increased a little (from 463 to 471), we can see from Table s4 that MREC obtained the equal or lower performance for most of data sets with noise sequences added. The accidentally increase of detected motif number for CRP, which is much larger in number than others thus hard to be affected by noise sequences, covered up the decreasing on other data and finally leads to the increase of the total detected motif number. In addition, in this paper, a binding site is considered as successfully detected if half of it is covered by a predicted motif, the quality of many motifs detected on data set with noise sequences should be lower than the ones on original data set. Combining two aspects above, we claimed that the performance of MREC slightly reduced with the noise sequences being added. Comparing with other two tools, we can see that the noise sequences make the accuracy of detected motif a little decreased, but MREC still remains the best performance especially when concerning the total detected real motifs.   

Appendix 8：Comparing the running speed of MREC with other tools

[image: image51.png]30

25

20

15

10

s

10

1

2o @ s

Motif length

16

7

15

20

——MEVE
8 CONSENSUS
—4—MDscan




 

We collected the running time of 3 tools on 16 E. coli data. Here, MREC adopted the parameters t=1. The results show that MEME has much faster speed than cosmo and MREC. The reason is that both cosmo and MREC run motif finding for all possible length and then pick the best results. MREC is fast on small data while spends more time when applying on large size data comparing with cosmo.  

It worth noting that the main cost of time for MREC locates in the seeding step which scans all possibility of mutation when expending the candidates profiles.   

Appendix 9：Comparisons between p-value by MREC and traditional p-values
To distinguish our measure from those traditional p-value-based measures used by CONSENSUS (Hertz and Stormo, 1999) and csFFT (Nagarajan, et al., 2005), we collected the p-values given by CONSENSUS, csFFT and MREC on the data set for 16 E. coli transcription factors and plotted the three curves of colors red, blue and green obtained respectively on the same reference frame. For the sake of visualization we adopted different kinds of scale-down for the curves plotted by MREC, CONSENSUS and csFFT. The pink dashes in figures correspond with the length of real motifs. In the figure of CRP, we only draw the p-value given by MREC here because CONSENSUS and csFFT both fail to give the p-value of candidate motif profile due to the large number of motifs in it.
After comparison, only our method can recognize right motif lengths and then give the actual motif for most of times which always correspond to the unique peaks of the green curves in all prokaryotic genomes we studied. Besides the ArgR and DnaA which were showed in the paper. The figures and relative data about the p-values for whole data set were collected here. See following.
P-value figures: Comparison of p-value measures on evaluating the motif candidates with different length
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P-value data

####################################################

MREC: p-value of candidate with length from 6 to 20:

####################################################

TF 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ArgR 8.89e-03 9.65e-02 3.90e-01 1.18e-01 5.18e-04 2.74e-04 1.31e-04 6.35e-07 2.89e-08 4.64e-06 4.37e-06 1.50e-05 9.41e-06 5.00e-06 5.88e-07 

CpxR 4.32e-02 2.03e-01 1.40e-01 8.04e-02 4.52e-02 1.51e-01 4.30e-02 1.57e-02 2.19e-03 3.69e-03 1.95e-03 1.74e-02 1.26e-02 7.13e-03 1.65e-02 

DnaA 1.16e-02 1.46e-05 7.28e-06 1.12e-06 5.16e-08 1.64e-04 1.58e-05 7.48e-04 4.60e-05 2.96e-05 1.21e-05 2.13e-05 1.39e-06 1.89e-07 2.25e-07 

Fur 6.69e-02 1.60e-01 7.46e-02 7.42e-04 3.71e-03 2.07e-03 1.38e-02 2.12e-04 6.36e-04 4.71e-05 5.37e-06 3.81e-03 5.99e-04 5.58e-06 2.31e-05 

GntR 6.76e-02 3.30e-02 7.90e-03 6.87e-02 3.70e-03 1.11e-02 3.98e-02 5.09e-06 3.70e-06 1.29e-06 9.88e-09 8.86e-06 2.42e-05 1.80e-06 1.60e-06 

LexA 2.13e-01 5.91e-02 2.46e-01 2.31e-02 3.33e-02 1.62e-01 3.04e-03 1.57e-03 1.24e-02 2.88e-07 1.27e-09 4.00e-08 2.30e-07 6.50e-08 1.47e-09 

NarP 3.19e-01 7.95e-02 1.73e-01 6.50e-03 1.77e-02 8.56e-02 5.72e-03 1.30e-02 1.28e-04 2.67e-05 3.21e-08 4.05e-07 5.38e-06 6.22e-03 5.14e-04 

NtrC 2.16e-03 1.64e-01 3.01e-02 3.25e-03 5.39e-04 1.39e-02 1.09e-04 3.63e-06 2.37e-04 7.03e-13 3.52e-15 4.63e-10 6.36e-10 7.24e-14 1.28e-07 

PhoB 6.69e-02 1.11e-01 2.88e-02 3.53e-02 1.42e-01 1.23e-02 3.20e-02 2.61e-02 3.96e-02 4.25e-04 6.59e-06 1.99e-06 4.57e-08 5.93e-06 1.54e-06 

PurR 1.87e-01 6.29e-03 4.22e-02 3.51e-03 1.05e-03 1.16e-02 6.14e-05 8.35e-05 1.85e-03 7.06e-04 3.04e-04 4.65e-04 7.22e-04 1.14e-04 3.03e-03 

FruR 8.72e-02 1.82e-01 4.73e-03 8.90e-03 7.22e-03 9.65e-03 5.38e-04 3.06e-04 4.01e-04 5.94e-04 7.58e-04 1.73e-03 2.08e-03 4.01e-04 4.70e-04 

Fnr 1.38e-01 2.95e-01 3.10e-01 1.02e-01 1.23e-01 4.46e-04 6.04e-05 5.69e-05 8.28e-06 6.08e-05 4.69e-05 3.61e-04 4.14e-04 1.10e-04 9.28e-03 

MetJ 1.99e-02 4.07e-02 4.45e-03 8.42e-03 2.49e-05 1.52e-06 1.98e-07 3.95e-07 1.35e-06 9.37e-08 2.44e-09 3.90e-08 8.30e-09 6.68e-08 7.99e-09 

Crp 1.61e-01 2.23e-01 2.82e-01 2.43e-01 3.79e-01 5.27e-01 2.82e-01 4.47e-03 7.73e-04 2.89e-04 2.72e-05 3.41e-04 4.77e-05 2.06e-04 1.42e-04 

TrpR 9.43e-02 2.66e-03 7.65e-02 9.35e-02 9.97e-03 1.71e-03 1.11e-05 1.06e-07 9.92e-12 5.05e-10 9.21e-13 1.55e-11 2.00e-08 9.82e-12 3.08e-07 

TyrR 2.16e-01 7.06e-02 3.15e-02 3.60e-03 2.37e-04 1.41e-03 2.15e-02 8.53e-03 1.27e-02 1.86e-02 1.47e-05 4.57e-08 6.50e-11 2.42e-08 3.30e-08

####################################################

MEME: p-value of candidate with length from 6 to 20:

####################################################

TF 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ArgR 18.01912e-39 2.05373e-38 1.40716e-42 5.53645e-43 2.39405e-63 6.48361e-70 2.5386e-50 1.57488e-55 3.183e-60 2.66881e-60 6.11626e-60 1.28195e-61 2.60551e-63 1.67338e-65 9.28712e-66

CpxR 7.88475e-68 5.56442e-69 2.27349e-69 7.52068e-71 1.16776e-69 6.90825e-64 1.7989e-29 5.73103e-68 4.87984e-76 2.49405e-82 1.34823e-76 2.73006e-76 9.61751e-75 4.26697e-77 1.74332e-76

DnaA 1.40314e-41 2.02770e-47 2.36959e-51 8.35795e-57 2.62449e-57 6.01182e-59 2.16304e-61 2.81396e-62 2.85245e-64 2.90479e-65 8.54993e-66 2.19522e-69 5.71467e-72 1.46759e-74 2.95166e-70] ;

Fur 2.92832e-62 1.50537e-72 1.50782e-76 1.82043e-74 2.26008e-79 8.66877e-82 5.7965e-83 2.74607e-89 8.53356e-95 2.63422e-100 7.73868e-105 2.10621e-108 2.28267e-117 2.48246e-123 1.90973e-125

GntR 1.10805e-32 2.02213e-37 3.00182e-38 7.71273e-40 3.00573e-43 1.16335e-46 5.47765e-48 6.60195e-49 2.21304e-52 2.63348e-52 2.61723e-54 1.16915e-56 1.98033e-58 7.09938e-62 3.15141e-65

LexA 6.95356e-53 5.02907e-54 4.7103e-57 1.20607e-59 3.36199e-58 5.15603e-62 6.45108e-60 1.01586e-61 3.52487e-64 1.79659e-68 1.48684e-75 5.41034e-77 2.30818e-80 6.82582e-81 4.49137e-80

NarP 2.83144e-58 3.41572e-64 1.61007e-65 1.67496e-68 1.46679e-70 3.58254e-73 6.67465e-74 1.83424e-79 5.05023e-85 8.96457e-87 4.84286e-89 2.78843e-92 1.50028e-87 2.70986e-89 3.3683e-93

NtrC 1.09864e-53 1.99578e-56 1.27522e-62 9.59902e-62 2.39405e-63 3.14912e-68 4.70833e-72 2.50983e-74 3.15689e-79 7.79759e-89 1.00494e-93 1.74669e-95 2.93072e-96 4.43212e-96 1.80518e-96 

PhoB 2.25716e-26 1.22452e-25 4.78918e-28 1.66601e-28 2.81518e-28 5.26577e-27 1.89553e-26 2.48226e-17 1.03776e-24 6.892e-25 1.38345e-22 8.11791e-26 6.75316e-30 2.59885e-26 1.22846e-25

PurR 7.46887e-48 1.84832e-56 8.91713e-58 5.80262e-62 2.2923e-68 6.48361e-70 2.23685e-77 1.59994e-79 9.14215e-83 6.47191e-81 1.00494e-93 1.35617e-82 1.34529e-80 3.77075e-80 3.10542e-80 

FruR 1.00732e-31 2.32868e-34 6.33541e-36 1.22056e-38 1.20379e-37 2.05913e-40 1.15168e-42 7.00219e-42 1.0918e-41 1.3535e-40 1.57242e-40 1.15273e-38 8.37024e-38 6.9988e-38 4.10446e-37 

Fnr 2.7549e-94 9.89883e-146 1.66196e-162 9.25007e-135 2.05997e-151 3.80734e-136 1.06106e-131 1.42322e-147 1.86243e-148 5.66641e-148 1.09423e-155 2.19231e-150 7.79788e-146 3.01988e-147 3.44832e-166 

MetJ 3.48528e-47 1.21859e-48 4.00792e-55 4.6654e-61 6.58814e-66 7.6577e-72 4.23144e-75 6.46509e-79 9.53695e-83 5.34137e-84 4.3585e-85 3.6064e-87 1.38953e-91 1.84254e-92 6.22368e-93 

CRP no

TrpR 6.2296e-43 2.34588e-47 3.21459e-50 9.28112e-55 8.05997e-59 3.99443e-61 3.43896e-65  2.88379e-69 8.6079e-73 3.11177e-80 1.44888e-86 4.53146e-90 4.96877e-93 1.46675e-96 1.50546e-99 

TyrR 2.02269e-23 3.3695e-24 1.76669e-24 9.47491e-24 5.91763e-20 3.03009e-24 8.28634e-24 1.77387e-22 2.73832e-19 8.94855e-16 1.17965e-22 8.36735e-24 2.6031e-26 5.29913e-27 1.75701e-25 

####################################################

Consensus: p-value of candidate with length from 6 to 20:

####################################################

TF 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

ArgR 1.63479E-35 5.24613E-37 5.71351E-38 6.19299E-40 9.28563E-41 5.84606E-43 7.47867E-38 5.98118E-40 9.64033E-42 1.52395E-43 4.33769E-44 1.30997E-53 1.25424E-46 1.32416E-53 8.59625E-58 

CpxR 1.80109E-22 5.39999E-20 8.04916E-13 1.80831E-30 2.10766E-30 1.91242E-17 6.62175E-16 1.38335E-15 3.92448E-30 1.57184E-35 4.24165E-26 1.96639E-25 7.43517E-25 2.34751E-22 2.96987E-22 

Crp 2.8214E-78 1.41128E-74 4.40046E-86 5.76145E-137 5.93328E-172 3.71696E-197 5.03996E-259 0 0 0 0 0 0 0 0 

DnaA 3.95683E-33 2.57003E-40 1.39018E-40 3.04397E-50 1.12084E-48 8.79587E-54 1.05637E-55 2.13913E-51 1.06023E-57 1.16908E-53 6.54043E-55 1.18488E-53 1.61269E-60 1.46341E-63 4.81796E-67 

Fnr 6.30341E-59 6.69942E-55 1.13728E-89 2.63953E-49 8.395E-58 3.20258E-57 5.47995E-55 2.84848E-60 1.6447E-133 5.72913E-140 1.8148E-68 3.38998E-71 6.57556E-105 9.15922E-121 6.38341E-82 

FruR 3.10687E-18 1.15425E-24 2.92747E-29 9.58804E-24 7.7283E-33 5.82145E-33 7.08006E-31 2.6372E-34 1.58896E-34 2.97623E-34 2.45256E-35 4.6552E-34 4.20098E-33 2.57354E-15 2.07907E-15 

Fur 2.23727E-48 4.9889E-57 1.59891E-61 1.06571E-64 5.79955E-65 6.05311E-66 4.00672E-48 5.30748E-62 3.22795E-65 1.99433E-65 3.4767E-57 4.30718E-58 1.95482E-59 2.7234E-66 3.07962E-68 

GntR 7.71287E-30 2.5964E-28 7.87395E-29 2.11677E-29 7.97972E-32 2.75291E-37 5.72218E-41 3.2594E-42 1.75102E-44 9.14885E-46 2.14705E-46 3.76978E-46 1.16879E-45 4.5686E-47 2.74618E-46 

LexA 1.12295E-18 4.20338E-20 5.61723E-49 5.75048E-46 2.09226E-51 1.55777E-51 1.88378E-49 3.71954E-48 4.20119E-57 1.31121E-62 2.41846E-67 1.24756E-68 2.18137E-69 4.33186E-70 8.74066E-71 

NarP 1.07139E-50 2.15839E-26 2.12364E-26 1.27053E-45 2.75594E-57 7.43513E-57 1.41288E-27 1.8551E-28 3.38474E-63 2.09425E-70 4.57934E-74 9.96752E-76 3.07513E-77 4.03871E-77 5.39564E-77 

NtrC 7.44506E-31 1.09006E-33 4.42677E-33 2.04782E-37 2.40437E-39 1.29721E-42 1.09368E-44 2.21762E-46 2.36459E-49 1.143E-54 4.38541E-58 2.97741E-59 8.79381E-59 4.25929E-59 2.03396E-61 

PhoB 2.38097E-15 4.51274E-27 5.92711E-27 1.87211E-24 1.35876E-25 6.94234E-10 9.28182E-11 1.23796E-11 3.56572E-27 6.75321E-27 6.58777E-21 4.30905E-24 9.65009E-25 3.43047E-24 7.28914E-29 

PurR 1.07991E-26 5.12882E-49 1.46051E-51 4.00313E-55 1.52571E-62 1.2146E-61 1.29554E-70 4.214E-70 5.52976E-75 1.32832E-74 1.78305E-74 1.21278E-73 3.94779E-72 5.39936E-71 5.09846E-70 

TrpR 3.59925E-32 2.4622E-39 4.80996E-40 1.61356E-48 2.03667E-44 1.05736E-45 2.80319E-49 8.0378E-51 2.49563E-54 4.76026E-50 1.09106E-62 7.42703E-56 1.64913E-59 1.42956E-62 9.44883E-65 

TyrR 4.11535E-20 2.82589E-16 1.50302E-08 8.25069E-11 7.28954E-11 1.52767E-11 8.05875E-11 1.92194E-10 8.56933E-08 4.3815E-08 2.11578E-21 4.88071E-21 6.71597E-23 1.60456E-23 8.25935E-23 

MetJ 3.93224E-38 6.04716E-47 7.10458E-45 5.49781E-56 2.77387E-61 1.25229E-65 1.03044E-65 4.06504E-70 3.04119E-74 5.12948E-74 4.32272E-78 4.93411E-83 5.76479E-86 1.39368E-88 4.51308E-93
……..
Reference
Hertz, G.Z. and Stormo, G.D. (1999) Identifying DNA and protein patterns with statistically significant alignments of multiple sequences, Bioinformatics, 15, 563-577.

Nagarajan, N., Jones, N. and Keich, U. (2005) Computing the P-value of the information content from an alignment of multiple sequences, Bioinformatics, 21 Suppl 1, i311-318.
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Figure s1. Various kinds of scores given by motif finding tools. We run 3 tools, MEME, CONSENSUS, MDscan on data ArgR, and collect their score measures. They are –log ratio of E-value used by MEME, information content based score given by CONSENSUS, and length-normalized score provided by MDscan. The length 14 with red rectangle represents the right motif with accurate length. 





Table s5: Running times of 3 motif finding tools


Data�
Number1�
Length2�
MEME�
Cosmo�
MREC�
�
ArgR


CpxR


Crp


DnaA


Fnr


FruR


Fur


GntR


LexA


MetJ


NarP


NtrC


PhoB


PurR


TrpR


TyrR�
12


25


161


13


58


11


20


10


17


15


19


10


10


16


13


8�
200


300


200


200


200


200


300


300


300


200


300


200


300


200


300


343�
0:033


0:21


4:21


0:03


0:43


0:03


0:12


0:06


0:10


0:04


0:11


0:03


0:04


0:06


0:06


0:03�
5:34


7:47


35:00


4:30


9:33


5:00


6:04


5:15


8:35


4:20


6:23


5:56


5:59


7:02


4:57


5:59�
1:41


19:20


50:23


1:51


8:03


2:20


5:01


2:30


4:09


1:40


8:33


1:30


4:29


1:54


2:44


4:15�
�
1The second column is the number of sequences in each data.


2The third column is the average length of sequences in each data.


3 m:n means m minutes and n seconds.
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