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Abstract Promoters are modular DNA structures con-

taining complex regulatory elements required for gene

transcription initiation. Hence, the identification of pro-

moters using machine learning approach is very important

for improving genome annotation and understanding tran-

scriptional regulation. In recent years, many methods have

been proposed for the prediction of eukaryotic and pro-

karyotic promoters. However, the performances of these

methods are still far from being satisfactory. In this article,

we develop a hybrid approach (called IPMD) that com-

bines position correlation score function and increment of

diversity with modified Mahalanobis Discriminant to pre-

dict eukaryotic and prokaryotic promoters. By applying the

proposed method to Drosophila melanogaster, Homo

sapiens, Caenorhabditis elegans, Escherichia coli, and

Bacillus subtilis promoter sequences, we achieve the sen-

sitivities and specificities of 90.6 and 97.4% for D. mela-

nogaster, 88.1 and 94.1% for H. sapiens, 83.3 and 95.2%

for C. elegans, 84.9 and 91.4% for E. coli, as well as 80.4

and 91.3% for B. subtilis. The high accuracies indicate that

the IPMD is an efficient method for the identification of

eukaryotic and prokaryotic promoters. This approach can

also be extended to predict other species promoters.

Keywords Promoter prediction � Position correlation

score function � Increment of diversity � Modified

Mahalanobis Discriminant

Introduction

Promoters are functional regions containing complex regu-

latory elements for determining the transcription initiation of

genes. Thus, promoter prediction using computational

techniques is important for discovering genes that are missed

by gene predictors and devising experiments to understand

transcriptional regulation (Abeel et al. 2008a, b). Although

many methods have been developed for promoter prediction,

performances of existing methods are still far from being

satisfactory. It is necessary to develop more efficient

approaches to accurately and rapidly predict promoters.

It is well known that prokaryotic and eukaryotic pro-

moters use different DNA sequences to regulate gene

expression. In prokaryotes, the transcription of most of

genes is regulated by the r70-promoters. The r70-promoters

commonly contain three basic regulatory elements (Haw-

ley and McClure 1983): Pribnow box (or called TATA

box) with consensus TATAAT around -10 bp upstream of

transcription start site (TSS), -35 box with consensus

TTGACA around -35 bp upstream of TSS and initiator

(Inr) around TSS. In eukaryotes, all protein-coding genes

and certain small nuclear RNAs are regulated by pol II

promoters. The core regions of the pol II promoters usually

contain several regulatory motifs (Pedersen et al. 1999;

Bajic et al. 2004): TATA box around -25 bp upstream of

TSS, initiator and downstream promoter element (DPE)

around ?30 bp downstream of TSS.

In the past 20 years, many algorithms, such as position

weight matrix (PWM) (Prestridge 1995; Huerta and
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Collado-Vides 2003; Li and Lin 2006; Akan and Deloukas

2008), hidden Markov model (HMM) (Pedersen et al.

1996; Ohler et al. 1999, 2001, 2002; Ohler 2006), artificial

neural network (NN) (Horton and Kanehisa 1992; Pedersen

and Engelbrecht 1995; Reese 2001; Burden et al. 2005),

and support vector machine (SVM) (Gordon et al. 2003,

2006; Gangal and Sharma 2005; Anwar et al. 2008) have

been developed to identify promoters in eukaryotic and

prokaryotic genomes using CpG islands, hexamer compo-

sitions, transcription factor binding sites (TFBS) and other

information. Consequently, some on-line available tools,

such as Eponine (Down and Hubbard 2002), Corepromoter

(Zhang 2005), CpGProD (Ponger and Mouchiroud 2002),

Promoter2.0 (Knudsen 1999), FirstEF (Davuluri et al.

2001), promH (Solovyev and Shahmuradov 2003), Pro-

moter Scan (Prestridge 1995), Dragon promoter finder

(Bajic et al. 2002), NNPP2.2 (Reese 2001), McPromoter

(Ohler 2006), ARTS (Sonnenburg et al. 2006), ProSOM

(Abeel et al. 2008a, b), and RBF-TSS (Mahdi and Rouchka

2009) have been designed for the detection of promoters.

Although contemporary methods have achieved great

progress in promoter recognition, they were still limited in

predictive performance (Anwar et al. 2008; Abeel et al.

2008a, b; Yang et al. 2008). The performances of these

methods are unreliable with poor specificity or poor sen-

sitivity. Phylogenetic footprinting takes advantage of rel-

ative conservation of motifs among related species (Janky

and van Helden 2008; Satija et al. 2008). Grech et al.

(2007, 2008) have developed phylogenetic footprinting

programs to analyze promoters of Chlamydia trachomatis.

But these motifs are short and not fully conserved which

results in a lot of false positives. Moreover, some motifs

are probably very common in certain species, but less in

other species (Abeel et al. 2008a, b). These hamper the

ability of a single program to predict promoters in different

species using same model (Abeel et al. 2008a, b). Hence,

further developments of prediction techniques are required

to improve the predictive accuracy.

In this article, we present a hybrid approach based

on modified Mahalanobis Discriminant (MD) to identify

eukaryotic and prokaryotic promoters. Two kinds of algo-

rithms that are position correlation score function

(PCSF) (Li and Lin 2006; Gordon et al. 2006; Kielbasa

et al. 2005) and increment of diversity (ID) (Laxton 1978)

are proposed to describe signal features and composition

features of sequences. At first, based on PWM, the PCSF is

calculated for the description of regulatory signals and

short functional elements. Subsequently, according to

information theory, the increment of diversity (ID) algo-

rithm is used to measure the similarity of oligonucleotides

compositions in specific sub-region between test and

training sequences. Finally, by use of PCSF and ID values

as inputs, the modified MD is applied to predict promoters

(Goni et al. 2007; Zhang et al. 2004; Shahmuradov et al.

2005; Levitsky and Katokhin 2003). We evaluate the per-

formance of proposed approach for five species: D. mela-

nogaster, H. sapiens, C. elegans, E. coli, and B. subtilis.

Comparative results demonstrate that our approach can

improve accuracies for promoter prediction.

Materials and methods

Materials

The 1886 D. melanogaster and 1787 H. sapiens pol II

promoter sequences are extracted from Eukaryotic Pro-

moter Database (EPD, Release 90, http://www.epd.

isb-sib.ch/) (Schmid et al. 2006). The 598 C. elegans

promoters are extracted from CEPDB (http://rulai.cshl.edu/

cgi-bin/CEPDB/home.cgi). Total of 741 E. coli K-12 r70

promoters and 270 B. subtilis r43 promoters are extracted

from RegulonDB (http://www.cifn.unam.mx/Computational_

Genomics/regulondb/) (Salgado et al. 2004) and DBTBS

(http://dbtbs.hgc.jp/) (Makita et al. 2004). The eukaryotic

and prokaryotic promoters are 300-bp long regions from

-249 to ?50 bp flanking TSSs (TSSs are the 0th sites) and

81-bp long regions from -60 to ?20 bp flanking TSSs

(TSSs are the 0th sites).

The non-promoter sequences are randomly extracted

from coding regions and non-coding regions. For D. mel-

anogaster, 2859 coding sequences and 1799 introns con-

structed by Ohler et al. (2002) downloaded from website

http://www.fruitfly.org/sequence/drosophila-datasets.html.

For H. sapiens, 1800 coding sequences and 1800 introns

are randomly selected from human DNA sequences (http://

www.fruitfly.org/sequence/human-datasets.html). For C. ele-

gans, 600 coding sequences and 600 introns are randomly

extracted from Exon/Intron Database (EID) (Shepelev and

Fedorov 2006). For prokaryotes, 1400 E. coli negative

sequences (700 coding sequences and 700 convergent

intergenic sequences), and 600 B. subtilis negative

sequences (300 coding sequences and 300 convergent

intergenic sequences) are extracted from GenBank. The

lengths of negative sequences are 300 and 81 bp, respec-

tively, for eukaryote and prokaryote. The hypothetical non-

TSSs are located in the 250th position for eukaryotic

sequences and in the 60th position for prokaryotic

sequences, so the non-promoters have the same format as

the promoter ones: [non-TSS -249 … non-TSS ?50] for

eukaryotic sequences and [non-TSS -60 … non-TSS

?20] for prokaryotic sequences. Sequences having regions

with other IUPAC code letters, such as ‘‘N,’’ ‘‘W,’’ ‘‘S’’

have been filtered out from both positive and negative

datasets.
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The definition for sequence conservation

For investigating the signal properties of promoter

sequences, the conservation of oligonucleotide with length

k-mer at the ith site can be calculated from following

formula (Li and Lin 2006):

MkðiÞ ¼
X

x
piðxÞ � pe½ �2

.
pe ð1Þ

where pi(x) and pe denote the observed probability and

expected probability of k-mer oligonucleotide x at the ith

site, respectively. Two approaches can be used to calculate

expected probability pe: one is equal distribution of the

k-mer oligonucleotide; another is the real k-mer oligonu-

cleotide counts for each species. In this study, the first

approach was used to calculate the pe. For example, if

k = 1, the expected probabilities of four bases is 0.25; and

the observed probabilities of bases A, C, G, and T at the ith

site denote as pi(A), pi(C), pi(G), and pi(T), respectively.

The M1(i) denotes the conservation of bases at the ith site.

It can be proved that the larger the Mk(i) value, the more

conserved the ith site. Mk(i) equals to zero for random

sequence.

PCSF

The PWM can be constructed by counting the frequencies

of oligonucleotides in conserved sites of training sequen-

ces. The probability pxi of an oligonucleotide x at the ith

site can be formulated as (Li and Lin 2006; Wasserman and

Sandelin 2004; Kielbasa et al. 2005):

pxi ¼ ðnxi þ bxiÞ=ðNi þ BiÞ ð2Þ

where nxi and bxi are real counts and pseudocounts of k-mer

oligonucleotide x at the ith site, respectively. Ni and Bi are

total number of real counts and pseudocounts at the ith site,

respectively. If there are relatively few real counts, many

k-mer variations may not be presented because of the

small sample of sequences. The goal of adding pseudocounts

is to obtain an improved estimate of the probability pxi of k-

mer oligonucleotide x at the ith site. A relatively few

pseudocounts should be added when there is a good sampling

of sequences, and more pseudocounts should be added when

the data is sparser. One simple formula that has worked well

in some studies is to make Bi equal to
ffiffiffiffiffi
Ni

p
and bxi equal to

p0

ffiffiffiffiffi
Ni

p
(p0 is the average background frequency) in Eq. 2

(Wasserman and Sandelin 2004; Kielbasa et al. 2005),

respectively. As Ni increase, the influence of pseudocounts

decrease because
ffiffiffiffiffi
Ni

p
increase more slowly. Due to the

existence of pseudocounts, the estimated probabilities are

strictly positive (Kielbasa et al. 2005). Based on the

probabilities pxi, the PCSF of an arbitrary sequence can be

defined as (Li and Lin 2006):

F ¼
X

i

lnðpxi=p0Þ ð3Þ

where p0 is average background probability of k-mer. The

score F shows the degree of sequence closed to matrix

resource.

ID

According to the concept of diversity (Laxton 1978), if a

sequence X can be denoted as a d-dimension vector

X : n1; n2; . . .; ni; . . .; ndf g, the diversity of this sequence

can be defined as (Zhang and Luo 2003):

DðXÞ ¼ Dðn1; n2; . . .ndÞ ¼ N ln N �
Xd

i
ni ln ni ð4Þ

here N ¼
Pd

i ni, ni indicates the absolute frequency of ith

k-mer oligonucleotide. If ni equals zero, nilnni = 0. It is

easily deduced that the diversity equals N-fold of infor-

mation entropy.

In general, for two sequences X and Y with the same

space of d dimension, X : n1; n2; . . .; ni; . . .; ndf g and

Y : m1;m2; . . .;mi; . . .;mdf g, the increment of diversity is

defined as the following formula:

IDðX; YÞ ¼ DðX þ YÞ � DðXÞ � DðYÞ ð5Þ

here D(X) and D(Y) are the diversity of X and Y, respec-

tively. D(X ? Y) denotes the diversity of the mixed source

X ? Y. Therefore, ID is essentially a measure of incre-

mental information of mixed system. It is easily proved

that the smaller the ID, the higher the similarity of two

sequences.

Modified MD

Based on the theory of multivariate normal probability

density functions, the modified MD (Goni et al. 2007;

Levitsky and Katokhin 2003) can be defined as:

MDðs; lÞ ¼ ðs� lÞTR�1ðs� lÞ þ log Rj j ð6Þ

here l and R are the group mean and covariance matrix of

training dataset, respectively. R-1 and Rj j are the inverse

matrix and determinant, respectively. The symbol s denotes

the feature vector of each test sequence. The symbol T

denotes the transposition of vector (s - l). It can be

proved that, for the covariance matrix R, there are no

negative eigenvalues and, in general, no zero eigenvalue

either (Chou 1995). Here, the MD was used to measure the

similarity level between test sequence and training data.

Commonly, the prediction rule can be formulated by (Chou

et al. 1998):

Theory Biosci. (2011) 130:91–100 93

123



MDðs; l1Þ ¼ Min
�

MD s; lpromoter

� �
;MD s; lcoding

� �
;

MD s; lnon�coding

� ��
ð7Þ

According to the quadratic discriminant formulation for

the classification of multi-groups (Zhang 1997; Feng and

Luo 2008), we shall generalize the decision function as:

n ¼ MD s; lpromoter

� �

�Min MD s; lcoding

� �
;MD s; lnon�coding

� �� �
ð8Þ

where the operator Min means taking the minimum value

among those in the parentheses. The score n represents the

degree to which class the test sequence belongs to. Setting

a threshold value n0 will determine a predictive result. If n
value of the test sequence is lower than the threshold n0,

the test sequence is predicted as promoter; otherwise it is

predicted as non-promoter. Then Eq. 8 provides a method

to select possible optimal models and to discard suboptimal

ones independently from the cost context or the class

distribution.

Performance evaluate

The following five parameters: sensitivity (Sn), specificity

(Sp), false positive rate (FPR), precision, correlation coef-

ficient (CC), and overall accuracy (Ac) are used to evaluate

the predictive performance of our method.

Sn ¼ TP=ðTPþ FNÞ; ð9Þ
Sp ¼ TN=ðTNþ FPÞ; ð10Þ

FPR ¼ FP=ðTNþ FPÞ; ð11Þ
Precision ¼ TP=ðTPþ FPÞ ð12Þ

CC ¼ ðTP� TNÞ � ðFP� FNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðTPþ FPÞ � ðTNþ FNÞ � ðTPþ FNÞ � ðTNþ FPÞ

p ð13Þ

Ac ¼ ðTPþ TNÞ=ðTPþ FNþ TNþ FPÞ ð14Þ

where TP denotes the numbers of the correctly recognized

promoters, FN denotes the numbers of the promoters rec-

ognized as non-promoters, FP denotes the numbers of the

non-promoters recognized as promoters, TN denotes the

numbers of correctly recognized non-promoters.

Results and discussions

Benchmark data selection

Five species promoters are used to evaluate the perfor-

mance of the method. An important issue is how to select

benchmark data to train proposed methods. Some works

have used promoters and coding sequences, and promoters

and non-coding sequences, respectively, to examine their

approaches (Gordon et al. 2003). Other researches have

proposed a more realistic method that used promoters and

non-promoters (coding sequences and non-coding sequen-

ces) to train their approaches (Ohler 2006; Yang et al.

2008; Rani et al. 2007). However, these works have not

considered the difference between coding sequences and

non-coding sequences. Because coding sequences are dis-

tinctly different from non-coding sequences, one may

argue that the combination of coding sequences and non-

coding sequences together as one negative set confuses real

properties of both coding sequences and non-coding

sequences, which can result in poor performance of pro-

posed method. Experiments in ‘‘prediction accuracy’’

prove this hypothesis.

Feature selection

The PCSF algorithm is used to estimate the occurrence of

k-mer sequences at specific position. Here, conservation of

trimer oligonucleotide is measured by Eq. 1. The results

are exhibited in Fig. 1. As it can be seen from Fig. 1, the

most conserved region of eukaryotic promoters usually

occurs in Inr. The TATA box is less clear, which is con-

sistent with the results of Aerts et al. (2004). For pro-

karyotic promoters, the -35 box, -10 box, and initiator

are more conserved than other regions. On the contrary,

there are not distinctly conserved regions in coding and

non-coding sequences. By conservation analysis and

accuracy evaluation of sites, the conserved sites of five

species promoters can be selected. It initially evaluates

each site and selects the one with the maximum accuracy.

Subsequently, the site with second maximum accuracy is

selected out and merged into conserved site subset. This

process is repeated until increasing the size of the current

conserved site subset leads to a lower prediction rate. By a

great number of examinations, the conserved sites of five

species promoters are selected and listed in Table 1.

Therefore, the trimer oligonucleotide probability matrix

with 64 rows (one row for each trimer oligonucleotide) and

a number of columns of conserved sites is constructed

according to Eq. 2. Based on this probability matrix, Eq. 3

can be used to calculate the weight score (Fpromoter) of

sequences. Correspondingly, another two weight scores

(Fcoding and Fnon-coding) can be calculated according to the

probability matrices of coding sequences and non-coding

sequences.

Mahdi and Rouchka (2009) have suggested dividing

sequences into some sub-regions. According to this, we

divide eukaryotic and prokaryotic promoter sequences into

three and two sub-regions. The three sub-regions of

eukaryotic promoters are non-transcribed region, tran-

scribed region, and core promoter region. The two sub-

regions of prokaryotic promoters are initiator combined
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with -10 box and -35 box combined with upstream

sequences, respectively. The detailed divisions are shown in

Table 1. Hexamer oligonucleotide frequencies are impor-

tant parameters which have been widely used to identify

promoters or cis-regulatory motifs (Hutchinson 1996; Chan

and Kibler 2005; Down and Hubbard 2002), so the hexamer

oligonucleotide frequencies in each sub-region are mea-

sured by ID algorithm (Eq. 5) for evaluating the similarity

of each sub-region between test sequences and training

sequences. For eukaryotic promoters with three sub-regions

and three datasets, nine IDs can be obtained. Correspond-

ingly, six IDs (two sub-regions multiply three data sets) can

be obtained for prokaryotic promoters.

Based on above two kinds of algorithms, sequences of

eukaryotes and prokaryotes can be described as twelve

(three PCSFs and nine IDs) and nine dimension vectors

(three PCSFs and six IDs), respectively.

Prediction accuracy

Different statistical strategies are used to analyze and

estimate the performance of our approach. First, all

sequences are randomly split into two sets: one is training

set, the other is test set. We use five ratios (1:9, 2:8, 3:7,

4:6, and 5:5) of test set and training set to examine our

approach. For each examination, the predictive results are

objective as the test set is completely independent

from training set. The results in Table 2 show that the

overall accuracy of *95% for D. melanogaster, *91% for

H. sapiens, *89% for C. elegans, *88% for E. coli,

*85% for B. subtilis are achieved, suggesting that IPMD

method is steady and robust.

The n-fold cross-validation is more rigorous and

objective method for evaluating the predictive performance

of the proposed method. For n-fold cross-validation, the
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Fig. 1 The conservation of

promoters, coding sequences

and non-coding sequences for

D. melanogaster (a), H. Sapiens
(b), C. elegans (c), E. coli (d),

and B. subtilis (e)
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dataset is divided into n equal parts. Of these n parts, n - 1

parts are used for training and the nth is used for testing.

This is done repeatedly n times for all n parts. Ten-fold

cross-validation is used in this article. The receiver oper-

ating characteristic curve (ROC curve) and precision recall

curve (PRC curve) can describe the performance of our

model across the entire range of classification thresholds n
(Eq. 8). We plot the ROC curves and PRC curve of five

species in Fig. 2. Results show that the areas under the

ROC and PRC curves are, respectively, 98.5 and 97.2% for

D. melanogaster, 96.9 and 93.9% for H. sapiens, 94.6 and

92.3% for C. elegans, 95.3 and 92.0% for E. coli, and 93.3

and 84.7% for B. subtilis. By adjusting the threshold n to

the optimal value n0, the maximum overall accuracy (Ac)

and correlation coefficient (CC) can be achieved. The

experiments show that the optimal threshold n0 are 0.20 for

D. melanogaster, -0.70 for H. sapiens, 0.14 for C. elegans,

-1.20 for E. coli, and 2.60 for B. subtilis. Table 3 shows

that the sensitivities and specificities are, respectively, 90.6

and 97.4% for D. melanogaster, 88.1 and 94.1% for

H. sapiens, 83.3 and 95.2% for C. elegans, 84.9 and 91.4%

for E. coli, and 80.4 and 91.3% for B. subtilis, demon-

strating that IPMD method is an excellent and powerful

method for eukaryotic and prokaryotic promoter prediction.

Table 3 also records the performance of IPMD method

for discriminating promoters from non-promoters (coding

sequences and non-coding sequences) on five species. Ten-

fold cross-validated accuracies are 89.1% for D. melano-

gaster, 87.7% for H. sapiens, 90.3% for C. elegans, 88.7%

for E. coli, 87.7% for B. subtilis, which are lower than that

Table 1 The conserved sites

used in PCSF and sub-regions

used in ID for five species

Species Conserved sites of promoters used in PCSF Sub-regions used

in ID

Eukaryotes

D. melanogaster -35, -34, -33, -32, -31, -30, -29, -28, -27, -5, -4,

-3, -2, -1, ? 1, ? 25, ?26, ? 27, ? 28

-249 to -1 bp

?1 to ?50 bp

-40 to ?30 bp

H. sapiens -31, -30, -29, -28, -27, -26, -25, -24, -23, -22, -21,

-4, -3, -2, -1, 0, ? 1, ? 2, ? 25, ? 26, ? 27, ? 28, ? 29

-249 to -1 bp

?1 to ?50 bp

-40 to ?10 bp

C. elegans -108, -87, -54, -49, -42, -41, -40, -39, -37,

-11, -3, -2, -1, 0, ? 1, ? 2, ? 3

-249 to -1 bp

?1 to ?50 bp

-20 to ?10 bp

Prokaryotes

E. coli -51, -37, -36, -35, -34, -16, -15, -14, -13,

-12, -11, -10, -9, -8, -7, -2, -1

-60 to -25 bp

-25 to ?20 bp

B. subtilis -42, -36, -35, -34, -16, -15, -14, -13,

-12, -11, -10, -9, -8, -7, -2, -1, 0

-60 to -20 bp

-20 to ?20 bp

Table 2 The prediction results of IPMD method using different ratio

of test set to training set

Ratio (test set:training set) 1:9 2:8 3:7 4:6 5:5

D. melanogaster

Sn (%) 93.6 91.0 91.7 90.0 90.2

Sp (%) 96.1 97.0 96.7 96.7 96.6

Ac (%) 95.4 95.3 95.3 94.8 94.8

CC 0.889 0.884 0.884 0.872 0.872

H. sapiens

Sn (%) 86.0 86.6 88.6 87.6 87.5

Sp (%) 94.4 92.5 92.2 93.4 93.9

Ac (%) 91.7 90.5 91.0 91.5 91.8

CC 0.811 0.788 0.800 0.808 0.815

C. elegans

Sn (%) 88.1 90.0 89.4 85.8 89.3

Sp (%) 91.7 88.8 89.7 90.4 88.5

Ac (%) 90.5 89.2 89.6 88.9 88.8

CC 0.788 0.767 0.774 0.754 0.758

E. coli

Sn (%) 85.1 82.4 82.4 80.7 77.8

Sp (%) 89.3 90.7 92.4 91.8 94.3

Ac (%) 87.9 87.9 88.9 88.0 88.6

CC 0.735 0.731 0.754 0.732 0.744

B. subtilis

Sn (%) 74.1 72.2 75.3 84.3 80.7

Sp (%) 91.7 91.7 90.0 84.6 85.7

Ac (%) 86.2 85.6 85.4 84.4 84.1

CC 0.672 0.657 0.658 0.660 0.644
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using three benchmark datasets. Results demonstrate that

using three datasets (promoters, coding sequences, and

non-coding sequences) to train the proposed method is

more objective and realistic.

Comparison accuracies

It is necessary to investigate whether our method has a

better performance than other existing approaches. Nev-

ertheless, it is difficult to compare our results with other

published results due to differences in data and experi-

mental protocol. Currently, many on-line available tools

have been developed for eukaryotic promoter prediction,

which provides a chance to compare the performance of

our approach with several methods.

Neural Network Promoter Prediction (NNPP version2.2)

(Reese 2001) is a widely used on-line tool for the recog-

nition of eukaryotic promoters. Recently, a successful

on-line tool called McPromoter (Ohler et al. 2002; Ohler

2006) has been specially developed for D. melanogaster

promoter prediction based on hidden Markov model

(HMM). We compare our method with these two tools on

D. melanogaster data. Total of 400 randomly selected

sequences including 200 promoters, 100 coding sequences,

and 100 introns are used to check the prediction accuracy.

The results in Table 4 clearly show that the performance of

McPromoter is better than NNPP2.2, but worse than our

method.

We also compare our method with six kinds of promoter

prediction tools, namely NNPP2.2 (Reese 2001), TSSW

(Bajic et al. 2002), Promoter Scan version 1.7 (Prestridge

1995), Promoter 2.0 (Knudsen 1999), FirstEF (Davuluri

et al. 2001) and Eponine (Down and Hubbard 2002). Total

of 400 randomly selected H. sapiens sequences including

200 promoters, 100 coding sequences, and 100 introns are

used to estimate the predictive accuracies. Table 5 reveals

that the IPMD method has a better performance than other

tools. It should be noted that the sensitivities of both Pro-

moter 2.0 and FirstEF are 0.0%. The possible reason is that

the default cutoff values of two tools are too deflective to

detect true positives.

However, some methods are not currently available

on-line. Thus, it is not feasible to compare our method with

these methods using same sequences. We are only able to

give a rough comparison between our method and other

methods. Gangal and Sharma have presented a SVM

method using non-linear time series descriptors to dis-

criminate between H. sapiens promoters and non-promot-

ers (Gangal and Sharma 2005). Ten-fold cross-validated

accuracy of 87% was obtained. Another work has descri-

bed a fisher discriminant algorithm to predict H. sapiens

promoters (Yang et al. 2008). The overall accuracy of

*89% was achieved. Our 10-fold cross-validated accuracy

is 92.1% for H. sapiens. Recently, by use of promoters and

CDSs as benchmark data set, a SVM-based method was

developed to discriminate promoter sequences from non-

promoter sequences (Anwar et al. 2008). The overall

accuracies of 94.82% for D. melanogaster and 91.25% for
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Fig. 2 ROC (a) and PRC curves (b) for five species

Table 3 The accuracy of IPMD method using 10-fold cross-

validation

Species Benchmark

dataset

Sn (%) Sp (%) Ac (%) CC

D. melanogaster Three datasets 90.6 97.4 95.4 0.888

Two datasets 89.2 89.1 89.1 0.751

H. sapiens Three datasets 88.1 94.1 92.1 0.822

Two datasets 85.7 88.8 87.7 0.731

C. elegans Three datasets 83.3 95.2 91.2 0.800

Two datasets 84.1 93.3 90.3 0.780

E. coli Three datasets 84.9 91.4 89.2 0.761

Two datasets 81.0 92.7 88.7 0.747

B. subtilis Three datasets 80.4 91.3 87.9 0.718

Two datasets 72.6 94.5 87.7 0.705
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H. sapiens were achieved using 7-fold cross-validation. It

must be noted that intron was not considered here for

prediction. It is known that it is more difficult for the

discrimination between promoters and introns as they are

both non-coding sequences. For the comparison, as was

done by Anwar et al. (2008), promoters and coding

sequences are used to examine IPMD method. Overall

accuracies of 96.52% for D. melanogaster and 92.67% for

H. sapiens are achieved, respectively, using 10-fold cross-

validation. The comparison suggests that our approach

yields superior performance.

Many methods have been applied in prokaryote pro-

moter prediction. Gordon et al. (2003) have proposed a

SVM-based method to recognize E. coli r70-promoters.

The sensitivities and correlation coefficients are 82% and

0.67 for promoters versus coding sequences as well as 81%

and 0.63 for promoters versus non-coding sequences,

respectively. Huerta and Collado-Vides (2003) have used a

two-stage PWM method to identify the promoters on 250-

bp long regions upstream of gene starts. The cover function

of 86% was achieved with the accuracy of 53%. Burden

et al. (2005) have obtained the sensitivity of 64.1% with

3939 predicted sequences by combining the distance from

TSS to translation initiation site (DGS) with NNPP2.2.

Another article has developed a more successful approach

which used DGS in conjunction with PWM and SVM to

recognize E. coli promoters (Gordon et al. 2006). The area

under the detection error trade-off (DET) curve was 0.047.

Later, based on stress-induced DNA duplex destabilization

(SIDD) properties and -10 motif scores, an accuracy of

[82% was achieved using linear classification function

(Wang and Benham 2006). Rani et al. (2007) have

achieved an accuracy of 80% for E. coli promoter predic-

tion using dinucleotide feature and neural network. Our

former work has achieved the sensitivities and correlation

coefficients of 91% and 0.68 for promoters versus coding

sequences as well as 90% and 0.65 for promoters versus

non-coding sequences by use of PCSF algorithm (Li and

Lin 2006). Recently, based on relative stability of DNA,

Rangannan and Bansal (2007, 2009) have obtained the

sensitivities and precisions of 99 and 58% for E. coli as

well as 95 and 60% for B. subtilis, respectively.

For making a rough comparison, promoters versus

coding sequences and promoters versus non-coding

sequences are, respectively, used to train and test IPMD

model. We achieve the sensitivities and correlation coef-

ficients of 94.5% and 0.844 for promoters versus coding

sequences as well as 82.7% and 0.728 for promoters versus

non-coding sequences using 10-fold cross-validation.

Comparisons demonstrate that IPMD method can correctly

detect prokaryotic promoters.

Conclusion

In this article, we develop an efficient approach for eukary-

otic and prokaryotic promoter predictions. Five species

promoters are used to evaluate the performance of IPMD

method. And high predictive accuracies are achieved.

Although this method exhibits good performance on the

aspect of promoter prediction, there is still large space to

improve prediction accuracy. The current researches can be

considered as the draft of promoter annotation. The future

work will focus on DNA structural information and complete

genome prediction. This approach also may play an impor-

tant complementary role to other existing methods for pre-

dicting promoters and transcription start sites.
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