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Abstract—Recognizing bacterial promoters is an important initiation site, following the promoter [9], [8]. The most
step towards understanding gene regulation. In this paperwe significant patterns itE.coli promoter sequences are the0
address the problem of predicting the location of promotersand and —35 regions, which are approximately at the region of 10

their transcription start sites (TSSs) in Escherichia coli. Our o .
approaches to TSS prediction are based upon fixed and none fite bases and 35 bases before the transcription initiation Eite

TSS algorithms. Introduced improvements significantly bunped  Spacing (gap) between thel0 and —35 regions is not fixed,
up the efficiency of the algorithms. ranging from 15 to 19 bases. The35 and —10 sequences

together are the contact region for RNA polymerase.

RNA (RiboNucleic Acid) is a type of molecule that consists
HE KEY concept of molecular biology, called the centrabf a long chain of nucleotide units. Each nucleotide corstain
dogma, is that DNA is transcribed into mRNA which isa nitrogenous base, a ribose sugar, and a phosphate. RNA is

then translated to make protein molecules [19]. The contnéry similar to DNA, but differs in a few important structlira
regions in DNA, at which RNA polymerase binds to initiateletails: in the cell, RNA is usually single-stranded, while
transcription, are called promoters. Promoter predicfldR) DNA is usually double-stranded; RNA nucleotides contain
is an important and complex problem. Although a great dedlbose while DNA contains deoxyribose and RNA has the base
of research has been undertaken in the area of PP, predictioacil rather than thymine that is present in DNA. RNA is
techniques are still not fully developed. The PP researels usranscribed from DNA by enzymes called RNA polymerases
hidden markov models [10], artificial neural networks [16]and is processed by other enzymes. RNA is central to the
grammatical inference methods [14], [17], weight matrik [4 synthesis of proteins. There are many RNAs with other roles

In this paper, we address the problem of predicting the particular regulating which genes are expressed, botass

location of promoters and their transcription start sitES$s) the genomes of most viruses.
in prokaryotic genome oEscherichia coli(E.coli). Our ap-  As the learning set the database introduced by M. No-
proaches to TSS prediction are based upon Fixed and Namlewier and J. Shavlik to UCI repository [1] was used. The
Fixed TSS methods (FTSS and NTSS) [5]. FTSS and NTSfatabase consists of 53 positive instances and 53 negative
methods apply scoring matrix containing the frequencies,of instances, 57 letters each. Negative learning sentences we
G, C ad T at each position in DNA sequences. derived from E.coli bacteriophage T7 believed to not contai
any promoter sites. The range of learning sequences is form
—49 to +7 relative to the TSS, which is defined as position
In the last years many prokaryotic genomes have beef.
sequenced, including that @&scherichia coli[2]. The gene
content of these genomes was mostly computationally rec-
ognized. However, the promoter regions are still undeter-The improved versions of FTSS and NTSS are based
mined in most cases and the software able to accurately the algorithms presented in [5]. The Fixed TSS method
predict promoters in sequenced genomes is not yet availatdes extended by a threshold, whereas in Non Fixed TSS
in public domain. Promoter recognition, the computationahethod we changed completely both the way of generation
task of finding the promoter regions on a DNA sequence, @ subsequences (so called possible transcriptional eiesne
very important for defining the transcription units respgbles and the algorithm of scoring these subsequences.
for specific pathways (because gene prediction alone cannot
provide the solution) and for the analysis of gene reguiatida" IFTSS
A promoter enables the initiation of a gene expression afterThe standard FTSS algorithm consists of only one phase:
binding with an enzyme called RNA polymerase, which moveseating scoring matrix. For all sequences of fixed length
bidirectionally in searching for a promoter, and starts imgk taken from learning set of sid, the scoring matrix is calcu-
RNA according to the DNA sequence at the transcriptidated as follows. For each A, C, G, and T (rows of the matrix)
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TABLE |

count nucleotide frequency at each position of a sequence PART OF EXEMPLARY IETTSSCORING MATRIX
(columns of the matrix) adding-1 for promoters, and-1 for
non-promoter sequence. The exemplary distribution of each . ":‘f '418 '447 '446 g 513 g 75
nucleotide is shown in Figure 1. T3 o T s T 755
C| 5] 411 5[ 1]1]0
IFTSS_TRAIN (sequences) T 1 21l o [ o s T ol 115
1 score_matriz = [|[]
2 for pos to length(sequences)
3 do
4 sequence «— sequences[pos] B. INTSS
5 for pos to length(sequence)
6 do The (i)FTSS method needs a fixed position of TSS and the
7 nukleo — sequence[pos] sequences of the same length. Non fixed TSS method is not
8 if sequence has promotor so much restricted. NTSS does not take the absolute position
9 then of TTS into consideration. The method finds out all possible
10 score_matriz[nukleo][pos] + +  transcriptional elements which appear in promoter strays
11 else may have some influance on transcription phase. To fulf#l thi
12 score_matriz[nukleo][pos] — —  task NTSS use usualy 4 or 5 fixed nucleotides and about 10
13 gaps which gives frames of length of 15. Next, the algorithm
14 return score_matriz checks whether the patterns occur in training (and alsosi) te
sequence. If the pattern (the transcriptional element lexer
IFTSS_CLASSIFY(sequence, score_matriz) appeared in tested sequence (no matter how many times), we
1 points=0 add one point to a pattern score.
2 for pos to length[sequence] The proposed approach iNTSS differs from the algorithm
3 do decribed above in scoring and generating the patterns (see
4 nukleo < sequence[pos] procedureINTSS_TRAIN). We do not use any gaps and
5 points+ = score_matriz[nukleo[pos] frames, so we are not limited as the standard version, which
6 return points

use the frames with maximum length of 15 and 6 fixed
nucleotides in each frame. We use training set for generatin

IFTSS THRESHOLD(seqs, score_matrix . . . .. . .
n Hlseq ) patterns. The training string is divided into substringstho#

1 H”_"eShOld =0 lenght from k to [. Such an approach ensures that each of
2 min_promotor =0 .
3 tor — 0 the created pattern occurs at least once. This reduceshaso t
4 ?g?x—notz—fmzzo or = total number of patterns that we have to test. Plus one p®int i
c p(g; ength(sequences) given when pattern appears in promotor sequence and minus
6 (pos] one when appears in non-promotor sequence. The last step is
- ) !
sequence « Seqs|pos _ . the removal of rarely occurring patterns (with value (ofl
7 value «— IFTSS CLASSIFY(seqs, score_matriz) or —1)
8 if sequence has promotor ' i . i
9 then Part of exemplary scoring matrix is shown in Table II.
10 if value < min_promotor
11 then min_promotor = value TABLE Il
PART OF EXEMPLARY INTTS SCORING MATRIX
12 else
13 if value > max_non_promotor Pattern | Points
14 then max_non_promotor = value TCAA -29
15 GATG 22
A CTCA 20
16 threshold = (min_promotor + max_non_promotor)/2
17 return threshold AAAAA 23
AATT 25
To classify unknown DNA sequence, the scoring matrix is TATA 25

used. The corresponding scores at each position of a segjuenc

are summed. If the final sum is greater than zero, then the

tested segeunce belongs to promoter sequences. The points associated to the patterns shown in Table 1l were
We have introduced a threshold instead of a constareated using valuels = 4 and! = 12. The best results were

value of zero. The threshold is counted as an average bbtained for the valuek = 6 i [ = 12. Both for shorter strings

tween minimal value gained for promoter sequences, affd<= 4), and longer oned (> 12) the final score is insincere.

maximal value for non-promoter strings (see proceduF®r low value ofk the patterns are to common, for big value

IFTSS_THRESHOLD). of [ the generated patterns are to rare.
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Fig. 1. (i))FTSS Histogram
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SPLIT(sequence, len)

1 patterns = ||
2 for pos « length(sequence) — len

3

4
5
6
7

INTSS_TRAIN(segs, min, mazx))

do

pattern = sequence[pos : pos + len]
patterns.append(pattern)

return patterns

score_matrix = ||

> sm = score_matrix
c=min

while ¢ < min

do

for pos « length(seqs)

do

seq = seqs[pos]
patterns = split(seq, c)
for pattern < patterns

do

if Ipattern € sm
then

for seq < seqs

c++
return sm

do

smpattern] =0

if pattern € seq

then

else

sm[pattern] + +

sm[pattern] — —

INTSS_CLASSIFY(sequence, score,,atrix)
1 points =0
2 patterns = SPLIT(sequence, min, max)
3 for pos « length(patterns)
do
pattern = patterns[pos]
points+ = score_matriz[pattern]

~N o o h~

8 return points
IV. EXPERIMENTAL RESULTS ANDACCURACY ANALYSIS

The experiments have been performed uslegve-one-
out cross-validationmethod. When using the leave-one-out
method, the learning algorithm is trained multiple timesing
all but one of the training set data examples. Leave-one-out
cross validation is useful because it does not waste datanwh
training, all but one of the examples are used, so the ragulti
regression or classification rules are essentially the sasrig
they had been trained on all the data examples.

After each execution following metrics were gathered:

- True Positives (correctly recognized positive examplé),

- True Negatives (correctly recognized negatives, TN),

- False Negatives (positives recognized as negatives, FN),

- and False Positives (negatives recognized as positiWs, F
Then the average of these numbers was found and the fol-
lowing statistical measures were calculated: Sensiti@peci-
ficity, False Positive Rate (FPR), False negative Rate (FNR)
Error Rate, Accuracy, and Precision. Sensitivity and Sjuétyi

are two widely used techniques for performance evaluation.

Sensitivity is a measure of the incidence of positive rasult
in testing all the promoter sequences, i.e. (TP/(TP + FN)) x
100. Specificity is a measure of the incidence of the negative
results in testing all the non-promoter sequences, i.e/(FN
+ TN)) x 100. The FPR value shows the proportions of nega-
tive instances that are erroneously reported as beingiymsit
FPR = (1 - Specificity). The FNR is the proportion of positive
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TABLE Il
METRICS OF THE (N/F)TSSMETHODS AND COMPARED ALGORITHMS THE RESULTS ARE SORTED BYERRORRATE.
Algorithm Sensitivity | Specificity | FPR | FNR | Error Rate | Accuracy | Precision
INTSS 100.00 100.00 0.00 0.00 0.00 100.00 100.00
IFTSS 98.08 96.30 3.70 1.92 2.83 97.17 96.23
SMO 92.45 94.34 5.66 7.55 6.60 93.40 94.23
NTSS 89.29 94.00 6.00 | 10.71 8.49 91.51 94.34
Naive Bayes 90.57 92.45 7.55 9.43 8.49 91.51 92.31
Voted Percepton 84.91 90.57 9.43 | 15.09 12.26 87.74 90.00
ID3 86.27 81.25 18.75 | 13.73 16.16 83.84 83.02
C4.5 86.79 79.25 20.75 | 13.21 16.98 83.02 80.70
Decision Table 96.23 67.92 32.08 | 3.77 17.92 82.08 75.00
FTSS 91.18 64.94 35.06 | 8.82 23.58 76.42 58.49
Random Tree 66.04 60.38 39.62 | 33.96 36.79 63.21 62.50
instances that were erroneously reported as negative, FNR = REFERENCES

(1 - Sensitivity). The Accuracy metric shows the percentagf c. plake and C. Merz, “http://ww.ics.uci.edu/ mleamireposi-

of correct tests, i.e. (TP + TN)/(TP + TN + FP + FN) x 100). 'tzoryéflnml“ UC(I3 Rg oslitory ?:f néallchri]ne'\leal:r)ning dﬁ}a%as?:@rgu? i
- . . . . Blattner, G. unkett, C. och, N. Perna, V. Burlanbl. Riley,
On the other hand, Precision is defined as the proportion J. Collado-Vides, J. Glasner, C. Rode G. Mayhew atTaie complete

the true positives against all the positive results (botfetr  genome sequence of Escherichia coli k-$2ience 277 1453-1462 1997

positives and false positives), ie. (TP /(TP + FP)) X 100e TH3] Y. Freund, R.E. Schapirearge margin classification using the perceptron
T : algorithm, Proc. 11th Annu. Conf. on Comput. Learning Theory, 209;217

Error rate metric indicates the percentage of incorrecistes =\ Press, New York, NY 1998

i.e. Error Rate = (1 - Accuracy). [4] J.J. Gordon, M. W. Towsey, J. M. Hogan, S. A. Mathews amdifims

The results for IFTSS and iNTSS, and also standard Improved prediction of bacterial transcription start siteBioinformatics,

. 22 (2), 142-148 2006
(F/T)TSS methods were collected in the table Ill. H6FSS (5] J. W, Huang, C. B. Yang, and K. T. Tsemygorithms for Promoter

metric Error Rate equals 2.83 (for the FP = 2 and FN =" prediction in DNA SequenceReport No 92, Feng Chia University, 2006
1, mean value of threshold equals 50). ROITTS Error [6] S. S. Keerthi, S. K. Shevade, C. Bhattacharyya, K. R. K.rikiy

- - _ Improvements to Platt's SMO Algorithm for SVM Classifier iDes
Rate equals 0 (for the FP = 0 and FN = 0 - for all tested Neural Computation, 13(3). 637-649 2001

sequences(!)). [7] R. Kohavi The Power of Decision Tableth Proc European Conference
The improved version of (F/N)TSS methods were tested on Machine Learning 1995

; ; ; 8] B. Lewin Genes VI Oxford University Press, Oxford, 2000
among several different machine learning methods taken fr(%g] R. Mishra and D. ChatterjPromoter search and strength of a promoter:

WEKA [18]. Table Il contains the statistical metrics ovéet two important means for regulation of gene expression inhEschia
106 training examples computed for the following algorifam  coli, J. Biosci. 18 1-11 1993

; ; ) e 0] A. G. Pederesen, P. Baldi, S. Brunak, and Y. Cha@iraracterization
Naive Bayes [11]’ Quinlan’s decision trees 1D3 [12] an& of prokaryotic and euakryotic promoters using hidden muarkaeodels

C4.5 [13], Decision Table [7], Random Tree, Support Vector pyoc. of the Third Interantional Conference on Intellig@ystems for
Machine SMO [6], and neural network Voted Percepton [3]. Molecular Biology ISMB98, 1998

; ; ; ] I. Rish An empirical study of the naive Bayes classjfi&lCAl 2001
Both of our approaches (IFTSS nad INTSS) gamed the b Workshop on Empirical Methods in Artificial Intelligence @D

experimental results, and significantly improved the rétog [12] J. Quinlaninduction of decision treesMlachine Learning 1, 81-1106

tion rate of standard version of F/N TSS methods. 1986.
[13] J. QuinlanC4.5: programs for machine learningos Altos, CA Morgan
V. SUMMARY AND CONCLUSIONS Kaufmann, 1993.

: : P ; : [14] Y. SakakibaraGrammatical Inference in BioinformatidEEE Transac-
AIthoth the (I)FTSS algorlthm is in fact S|mply, it works tions on Pattern Analysis and Machine Intelligence vol. 87 fy 1051—

very well for fixed-length sequences. The INTSS alghorithm 1062 2005.

is able to find TATA or TTG sequence motif for the promoteid5] F. Torre “http://www.grappa.univ-lile3.fr/  torrBecherche/Experi-
examples. Note that the algorithm iNTSS finds also the motifs,, MetS/Results/tables. php”

) ) ] G. Towell and J. ShavliExtracting refined rules from knowledge-based
in non-promoter sequences, for example TCAA nad GATG. "neural networksMachine Learning 13, 71-101, 1993.

These 'anti-motifs’ can be helpful for recognizing the nonH7] O. Unold Grammar-based classifier system for recognition of promote
regions [in:] B. Beliczynski at all (eds) ICANNGAOQ7, Part I, LNCS

promoters. 4431, 798-805, 2007.
In furher work we want to test another methods for caf1g] ian H. witten and Eibe Franata Mining: Practical machine learning

culating a threshold in the iFTSS method (like an average tools and techniques2nd Edition, Morgan Kaufmann, San Francisco,
; ; ; ; i3 2005,

and,a medlan)' The iNTSS algorlthm could take, into Cons'?l_g] M. Zvelebil and J. O. BaunUnderstanding Bioinformati¢csGarland

eration the length of the tested subsequence, i.e. the Honge science, Taylor & Francis Group, LLC, 2008.

subsequence could receive adequately more points. For both

methods it's possible to add a kind of a self-knowledge.



