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a b s t r a c t
The initiation of replication origin is an extremely important process of DNA replication. The distribution of
replication origin regions (ORIs) is the major determinant of the timing of genome replication. Thus, correctly
identifying ORIs is crucial to understand DNA replication mechanism. With the avalanche of genome sequences
generated in the post-genomic age, it is highly desired to develop computational methods for rapidly, effectively
and automatically identifying the ORIs in genome. In this paper, we developed a predictor called iORI-PseKNC for
identifying ORIs in Saccharomyces cerevisiae genome. In the predictor, based on the concept of the global and
long-range sequence-order effects of DNA sequence, the feature called “pseudo k-tuple nucleotide composition”
(PseKNC) was used to encode the DNA sequences by incorporating six local structural properties of 16 dinucleotides. The overall success rate of 83.72% was achieved from the jackknife cross-validation test on an objective
benchmark dataset. Comparisons demonstrate that the new predictor is superior to other methods. As a userfriendly web-server, iORI-PseKNC is freely accessible at http://lin.uestc.edu.cn/server/iORI-PseKNC. We hope
that iORI-PseKNC will become a useful tool or at least as a complement to existing methods for identifying ORIs.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
In cell division, DNA replication is a highly orchestrated process of
producing an identical replica from the original DNA molecule [1].
This process commonly initiates at speciﬁc regions called origin of
replication regions (ORIs). Most of bacterial genomes have only a single
ORI [2]. However, in eukaryotic genome, due to the large size of genomes
and the limitation of nucleotide incorporation during DNA synthesis, it is
necessary for completing replication in a reasonable period of time using
multiple ORIs [3]. In Saccharomyces cerevisiae, an autonomously replicating sequence (ARS) element contains the ORI [4], which consists of
three domains A, B and C. The A domain contains an essential ARS
consensus sequence (T/A)TTTAT(A/G)TTT(T/A), while the B domain
tends to be helically unstable and additionally contains a number of
short sequence motifs that contribute to origin activity [5,6]. The C
domain plays an important role in the interaction between DNA and
regulatory protein [5].
During the process of replication, the DNA double helix strands in
ORIs are dissociated and unwinded by helicases for allowing access to
DNA polymerase [7]. Subsequently, the semiconservative replication
strategy is used to synthesize daughter strands based on the parental
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template strands [8]. The replication is activated only once at each cell
cycle to avoid ampliﬁcation and maintain genome integrity [9]. DNA
replication is associated with gene transcription and expression [10].
For example, an analysis from the distribution of ORIs showed that replication initiation events were absent from transcription start sites but
were highly enriched in adjacent, downstream sequences [11]. Therefore, it is crucial to understand the regulatory mechanism of cell division
and establish the network of a cell cycle so as to reveal the mechanism
involved in DNA replication. Accurate identiﬁcation of ORIs is an essential prerequisite for further studying and understanding the DNA replication mechanisms.
Chromatin immunoprecipitation (Chip) is the most popular technique to determine ORIs [12]. Although the technique can precisely identify the ORIs, with the avalanche of genome sequences generated in the
post-genomic era, it is expensive and time-consuming for experimental
approaches to perform genome-wide identiﬁcation of ORIs. In this regard,
computational methods can be applied to the entire genome without
these disadvantages. Based on the consensus sequence [13], some theoretical works have been proposed in order to accurately identify ORIs.
Marie-Claude et al. have predicted the ORIs by analyzing asymmetry indices of sequence [14]. The signal of nucleosome occupancy was used as a
likely candidate to determine ORI distribution [15,16]. Although it is of
great interest and value, the ACS-based method is not sufﬁcient to predict
ORIs [17] because there are 12,000 ACS sites in S. cerevisiae genomes,
and only 400 associate with ORIs [18]. Recently, two DNA structural
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properties, namely DNA bendability [19] and hydroxyl radical cleavage
intensity [20,21], were proposed to predict ORIs in S. cerevisiae genome
[22]. Although these methods have achieved encouraging results, they
are still limited in their accuracy and resolution. Moreover, no webserver was provided to most of these methods, and hence their usage
is quite limited, especially for the majority of experimental scientists.
It has been reported that the local DNA structural properties [23] and
their impacts to the global sequence effects are important feature
signals for DNA functional elements and have been used to identify
the nucleosome occupancy [24], recombination spots [25] and exon/
intron splice site [26]. DNA conformation may be changed by the
ionic bonding effects in the methylation form of speciﬁc bases [27].
Besides, the cell differentiation is caused by the dynamical position
of nucleosomes due to the chemical reactions, where cell lines have
different ORIs [28].
In view of this, the present study was initiated in an attempt to
develop a new method for predicting S. cerevisiae ORIs based on the
physicochemical properties of DNA. At ﬁrst, a valid benchmark database
was constructed to train and test the proposed method. Subsequently,
the DNA sequences were encoded with the pseudo k-tuple nucleotide
composition (PseKNC), which can reﬂect the intrinsic correlation between local/global features and the ORIs. Thirdly, a powerful algorithm
SVM was used to operate the prediction by using rigorous jackknife
cross-validation test to evaluate the performance of the proposed
method. Finally, based on the proposed method, a user-friendly
web-server, called iORI-PseKNC, was established for basic academic
study and application of ORIs.

Consider an ORI (or non-ORI) DNA sequence D with L nucleic acid
residues; i.e.,
D ¼ R1 R2 R3 ⋯ RL−2 RL‐1 RL

A total of 740 S. cerevisiae ORIs were collected from OriDB [29]
(http://www.oridb.org/). The following steps were used to construct a
reliable benchmark dataset. Firstly, the ORIs with ambiguous annotation
such as “likely” and “dubious” were excluded because they lack conﬁdence. Then, we obtained 410 experimental-conﬁrmed ORIs with the
length of 300 bp. Subsequently, the 410 non-ORI samples with 300 bp
long were extracted from − 600 bp to − 300 bp upstream of the 410
ORIs. It is well known that high similarity data can lead to erroneous estimation of the performance of the methods. To get rid of redundancy
and avoid bias, the CD-HIT software [30] was used to remove those
samples that have more than 75% pairwise sequence identity to any
other. After strictly following the above procedures, we ﬁnally obtained
405 ORIs and 406 non-ORIs which can be freely downloaded from our
website (http://lin.uestc.edu.cn/server/iOriPseKNC/data.html).
2.2. Pseudo k-tuple nucleotide composition
In pattern recognition, one of the key points is to generate a set of
informative parameters. It has become a challenge in DNA functional region prediction to formulate DNA sequences with an effective mathematical expression for truly reﬂecting the intrinsic properties of DNA
functional fragments. In the past two decades, various sequence parameters such as k-tuple nucleotide composition [31,32], Z-curve [33] and
position weight matrix (PWM) [34] have been successfully employed
to predict gene coding region and promoter. However, these methods
ignored the local DNA structural properties and their impacts to the
global sequence effects. Recently, a novel feature vector, called ‘pseudo
k-tuple nucleotide composition’ (PseKNC), was developed to represent
DNA sequence samples by incorporating the global and long-range
sequence-order effects of DNA sequence and has been applied for
predicting the recombination spots [25], nucleosome [24], and exon/
intron splice site [35]. Thus, in this work, the PseKNC was used in the
ORI prediction. The basic principle of PseKNC is introduced brieﬂy as
below.

ð1Þ

where R1 denotes the nucleic acid residue at the sequence position 1, R2
denotes the nucleic acid residue at position 2, and so forth. Here, L is
300. Then the ORI (or non-ORI) sample can be denoted as a 4k + λ
dimension vector which is formulated as:


D ¼ d1 d2 …d4k d4k þ1 …d4k þλ−1 d4k þλ

ð2Þ
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where ƒu (u = 1, 2, …, 4k) denotes the normalized occurrence frequency
of the u-th k-tuple nucleotide composition, λ is the number of the total
counted ranks (or tiers) of the correlations along a DNA sequence, and ω
is the weight factor. The concrete values for λ and ω as well as k will be
further discussed later. The θj is the j-th tire structural correlation factor
that reﬂects the local structure correlation between all the j-th most
contiguous dinucleotide and can be given by
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where the Θ(Ri Ri + 1, Ri + jRi + j + 1) is the correlation function and can
be deﬁned by
μ h

 1X

i2


P RR
−P v Riþ j Riþ jþ1
Θ Ri Riþ1 ; Riþ j Riþ jþ1 ¼
μ v¼1 v i iþ1

ð5Þ

where μ is the number of local DNA structural properties considered
that is equal to 6 in the current study as will be explained below;
Pv(RiRi + 1) is the numerical value of the v-th (ν = 1, 2,…, μ) DNA
local structural property for the dinucleotide RiRi + 1 at position i and
Pv(Ri + jRi + j + 1) is the corresponding value for the dinucleotide
Ri + jRi + j + 1 at position i + j.
The spatial arrangements of any two successive base pairs could be
characterized by six types of local structural parameters, of which three
are local translational parameters (shift, slide and rise) and the other
three are local angular parameters (twist, tilt and roll) [24,36]. In recent
years, more and more researches have demonstrated that the six DNA
structural properties play important roles in many biological processes
[37,38]. There are sixteen kinds of dinucleotides, so the total number of
local structural parameters is 6 × 16 = 96. The parameter values can
be found from Ref. [24].
Before substituting the six types of parameters of dinucleotides into
Eq. (5), all the original values must be subjected to a standard conversion, as described by the following equation:
i
X16 h 0
P 0v ðξÞ− ξ¼1 P v ðξÞ=16
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ð6Þ

16
where the Pv(ξ) and P0v (ξ) denote the standard value and original value of
ξ-th dinucleotide of v-th local structural parameter, respectively. The
converted values obtained by Eq. (6) will have a zero mean value over
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the 16 different dinucleotides, and will remain unchanged if going
through the same conversion procedure again.

3. Result and discussion
3.1. Proﬁle analyze for local structural property

2.3. Support vector machine (SVM)
Support vector machine (SVM) is a popular supervised machine
learning method which has been widely used in bioinformatics [22,24,
39] and chemometrics [40–42]. In this study, we also used SVM to
discriminate ORIs from non-ORIs. The basic principle of SVM is to transform the input vector into a high-dimension Hilbert space and seek a
separating hyperplane with the maximal margin in this space. Detailed
descriptions about SVM can be referred to Ref. [43].
The software toolbox (LibSVM) for implementing SVM can be freely
downloaded from http://www.csie.ntu.edu.tw/~cjlin/libsvm. The radial
basis kernel function (RBF) was used in the current work due to its
effectiveness and speed in non-linear classiﬁcation process. A grid
search method was used to optimize the regularization parameter C and
kernel parameter γ through 10-fold cross-validation for time-saving.
The search spaces for C and γ are [215, 2−5] and [2−5,2−15] with the
steps of 2−1 and 2, respectively.
2.4. Criteria for performance evaluation
In statistical prediction, three cross-validation methods, namely
independent dataset test, sub-sampling (e.g., 2, 5 or 10-fold crossvalidation) test, and jackknife test are often used to evaluate the performance of the predicted methods in practical application [44]. Among
the three test methods, the jackknife test can always yield a unique
result for a given benchmark dataset. Therefore, the jackknife test has
been increasingly and widely adopted by investigators to test the
power of various prediction methods [45,46]. In this study, we also
used the jackknife test to examine the anticipated success rates of the
predictor. In the jackknife test, each sequence in the training dataset is
in turn singled out as an independent test sample and all the ruleparameters are calculated without including the one being identiﬁed.
The performance of the predictor was evaluated by the following
four metrics: sensitivity (Sn), speciﬁcity (Sp), overall accuracy (Acc)
and Mathew's correlation coefﬁcient (Mcc), which are expressed as
follows:

Sn ¼

TP
TP þ FN

TN
Sp ¼
TN þ FP

Acc ¼

TP þ TN
TP þ TN þ FP þ FN

Mcc ¼

TP  TN− FP  FN
ðTP þ FNÞ  ðTN þ FNÞ  ðTP þ FP Þ  ðTN þ FP Þ

ð8Þ

ð9Þ

ð10Þ

ð11Þ

where TP denotes the number of the correctly predicted ORIs, FN
denotes the number of the ORIs predicted as non-ORIs, FP denotes the
number of the non-ORIs predicted as ORIs, and TN denotes the number
of correctly predicted non-ORIs.
To describe the performance of models across the entire range of
SVM decision values, the receiver operating characteristic (ROC) curves
were also provided. The quality of the proposed method can be objectively evaluated by measuring the area under the receiver operating
characteristic curve (auROC).

The speciﬁc conformation of DNA sequence can be recognized by
regulatory proteins [47–49]. In order to explore the speciﬁc features
possessed by ORI sequences, six structural parameters (twist, tilt, roll,
shift, slide and rise) of both ORI and non-ORI sequences was calculated
to characterize the local geometry with the step of one base-pair in the
S. cerevisiae genome. Using graphic approaches to study ORIs can provide an intuitive picture and useful insights for revealing complicated
relations in the DNA replication origin system. Thus, we carried out a
graphic proﬁle comparison between ORIs and non-ORIs. By using a sliding
window approach with a window size of 50 bp and a step size of 1 bp, the
average structural property proﬁles for both ORI and non-ORI sequences
were plotted in Fig. 1, which consists of 6 panels corresponding to the 6
local structural properties of DNA sequences.
Replication initiation is the ﬁrst stages of DNA replication in eukaryotic
genomes. During initiation, the DNA helix is unwound by helicase to form
replication forks at the ORI. As shown in Fig. 1, except for few sites in roll,
shift and twist panels, the differences between the ORI and non-ORI
sequences are quite remarkable in all six panels (P b 10−11, U-test).
These observations suggest that the distinctive ﬂexibility and stiffness
curvature in ORI sequences may be one of the key factors that can
promote regulatory proteins and helicases binding to ORI regions for activating the replication, and that may be also contributable for discriminating ORI from non-ORI sequences.
3.2. Prediction accuracy
As it can be seen from Eqs. (2)–(3), we must adjust the three parameters, namely k, λ and ω, to achieve the best prediction accuracy. The
parameter k of k-tuple reﬂects the local or short-range sequence order
effect. The parameter λ represents the global or long-range sequence
order effect. The parameter ω in Eq. (3) is the weight factor of longrange effect usually within the range from 0 to 1. Generally speaking,
the greater the k is, the more local sequence-order information the
model contains. Moreover, the greater the λ is, the more global
sequence-order information the model contains. However, if k or λ is
too large, it would reduce the cluster-tolerant capacity so as to lower
down the cross-validation accuracy due to overﬁtting or “high dimension
disaster” problem [24]. Therefore, our searching for the optimal values for
the three parameters were carried out according to the following
8
ðwith step Δ ¼ 1Þ
<2≤k≤5
1 ≤ λ ≤ 50
ðwith step Δ ¼ 1Þ :
:
0:1 ≤ ω ≤ 1:0 ðwith step Δ ¼ 0:1Þ

ð12Þ

According to Eq. (12), total of 4 × 50 × 10 = 2000 individual combinations (or points in the 3D parameter space) should be investigated for
ﬁnding the optimal parameter combination. To reduce the computational
time, the 10-fold cross-validation approach was used to assess the accuracies of 2000 combinations in the process of parameter optimization.
Once the optimal values of the three parameters are determined, the
rigorous jackknife test will be performed to ﬁnally evaluate the anticipated success rate of the model. As a result, the maximum Acc of
83.72% was obtained with the Sn of 84.69%, Sp of 82.76% and Mcc of
0.6746 (Table 1) when the parameters k, λ and ω are equal to 3, 50
and 0.6, respectively. That means the optimal feature set contains 114
features, of which 64 are 3-tuple oligonucleotides (43 = 64) reﬂect
the short-range information, and 50 are the correlation of structural
properties reﬂecting the long-range information. From the results, we
concluded that the global or long-range correlation of structural properties play an important role in ORI recognition.
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Fig. 1. Graphic proﬁles to show the difference between ORI (red) and non-ORI (black) sequences. It contains 6 sub-graphs corresponding to six local structural parameters: (a) rise, (b) roll,
(c) shift, (d) slide, (e) tilt and (f) twist. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

3.3. Comparison with published method
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It has been reported that the ORI regions have lower DNA bendability
and cleavage intensity than non-ORI regions [22]. DNA bendability
reﬂects the non-parallel tendency, major or minor grove bias, and electrostatic potential energy of consecutive base pairs in a DNA sequence
[50–52]. Cleavage intensity reﬂects the likelihood of DNA cleavage by hydroxyl radicals and provides a map of local variation in the shape of DNA
backbone [37,38]. Based on the two physicochemical parameters, the
S. cerevisiae ORIs were predicted by using SVM algorithm [22]. Thus, it
is necessary to investigate whether the PseKNC-based method has a
better performance than the existing method (called BC-based method)
on discriminating ORI from non-ORI sequences. Due to differences in
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Fig. 2. Two ROC curves for PseKNC and bendability + cleavage intensity method.
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Fig. 3. The genome-scanned results using the PseKNC-based method. The abscissa denotes
the number of ORIs; the ordinate denotes the number of predictions.

benchmark dataset and experimental protocol between this study and
Ref. [22], we cannot provide a direct comparison with published results.
Consequently, we repeated the BC-based method [22] on our benchmark
dataset for investigating the performance of ORI prediction. The results in
Table 1 show that the BC-based method can produce the Acc of 80.76% in
jackknife cross-validation. It is obvious that the PseKNC-based method
outperformed the BC-based method in identifying ORIs. This comparison
demonstrates again that local nucleotide correlation and long-range
structural properties are very important in DNA replication initiation.
For evaluating the performance of the two models across the entire
range of SVM decision values, two ROC curves were plotted in Fig. 2.
The auROC of the PseKNC-based method is 0.8848, which is larger than
that (0.8563) of the BC-based method.
3.4. Prediction of ORIs in S. cerevisiae genome
To further investigate the performance of our proposed method,
according to the strategy of Ref. [53], we must use the PseKNC-based
method to predict the ORIs in S. cerevisiae genome for comparing the
computational results with experimental-conﬁrmed ORIs. Thus, the

PseKNC-based method was used to scan the 16 S. cerevisiae chromosomes
using the window of 300 bp with the step of 1 bp. Then we obtained
1.21 × 107 subsequence, and got the prediction probability of each subsequence. For providing a detailed analysis, we ﬁrstly ranked the prediction
probabilities of the 410 experimentally conﬁrmed ORIs in the benchmark
dataset in a descending order. Then, each prediction probability was selected as a cutoff denoted as cutoff[i] (i = 1, 2, …, 410). For an arbitrary
subsequence to be predicted with a probability higher than the cutoff[i],
it will be regarded as a possible ORI. If this subsequence locates in the region from 200 bp upstream to 200 bp downstream of an experimentally
conﬁrmed ORI, the predicted ORI would be regarded as a true positive
(TP). If the distance of two predictions is less than 300 bp, the two predictions are considered as one prediction. This process was repeated until
410 cutoffs were used. The result of the number of TP versus the number
of predictions was shown in Fig. 3 and Table S1. We noticed that if the cutoff of the predicted probability is set to 0.5, 385 experimental-conﬁrmed
ORIs (Sn = 93.9%) can be correctly identiﬁed; and 8208 additional predictions were obtained. These predictions are maybe the potential ORIs.
Undoubtedly, the experimental-based methods (i.e. Ref. [53]) can
accurately identify ORIs. However, it is expensive and time-consuming
to perform genome-wide identiﬁcation of ORIs. Our computational
method can scan complete genome rapidly and ﬁnd potential ORIs
without many false positives. We hope that our results will provide
clues to the identiﬁcation of ORIs by web-experiments.
3.5. Web-server guide
Establishing a user-friendly web-server will improve the efﬁciency
and avoid repeating a complicated mathematics and program for
studying ORIs. The predictor established via aforementioned procedures
is called iORI-PseKNC, where “i” stands for “identify”, “ORI” for “origin
of replication”, “Pse” for “pseudo”, “K” for “k-tuple”, “N” for “nucleotide”,
and “C” for “composition”. For the convenience of the vast majority of experimental scientists, we provided a guide to help experimental scientists
to use the web-server to get the desired results.
Firstly, open the web server at http://lin.uestc.edu.cn/server/iORIPseKNC and you will see the top page of iORI-PseKNC on your computer
screen, as shown in Fig. 4. Click on the Read Me button to see a brief
introduction about the predictor and the caveat when using it. Click
on the Data button to download the benchmark datasets used to train
and test the iORI-PseKNC predictor. Click on the Citation button to

Fig. 4. A semi-screenshot for the top page of the iORI-PseKNC web-server at http://lin.uestc.edu.cn/server/iORI-PseKNC.
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ﬁnd the relevant papers that document the detailed development and
algorithm of iORI-PseKNC. Secondly, either type or copy/paste the
query DNA sequences into the input box at the center of Fig. 4. The
input sequence should be in the FASTA format. Example sequences in
the FASTA format can be seen by clicking on the Example button right
above the input box. Thirdly, click on the Submit button to see the predicted result. It should be noted that each of the input query sequences
should exclude all illegal characters: such as ‘N’, ‘W’, ‘Y’. The length of
input query sequences should not be less than 300 bp.
4. Conclusion
Correct identiﬁcation of ORIs is the ﬁrst step of understanding the
replication mechanisms. The current study developed a PseKNC-based
method which can incorporate the local and global sequence-order information for identifying the ORIs. The physiochemical properties
were proposed to formulate the DNA sequences. Statistical analysis
shows that ORI sequences are dramatically different from the non-ORI
sequences in the sequence structure which may be the key feature recognized by regulatory proteins. Based on this method, a predictor called
iORI-PseKNC was constructed for the convenience of the vast majority
of experimental scientists. The predictor can correctly identify 84.69%
ORIs in the jackknife test. Hence, we anticipated that the iORI-PseKNC
will become an important tool in relevant ﬁelds.
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.chemolab.2014.12.011.
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