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Abstract Recently, a number of numerical DNA sequence representations have evolved in order to transform the DNA
sequence analysis problems from the traditional string processing domain to the discrete signal processing domain. On the
other hand, the coding regions (exons) detection problem has received a special attention due to the 3-base periodicity
property of exons which can be easily detected using simple discrete signal processing techniques. The 3-base periodicity
in the nucleotide arrangement is evidenced as a sharp peak at frequency f'=1/3 in the frequency domain power spectrum.
In this paper, we exploit the 3-base periodicity property of a set of the Electron-lon Interaction Pseudopotential (EIIP)
coded DNA sequences by employing a frequency domain power spectrum estimation techniques as Short Time Fourier
Transform (STFT),Auto Regressive (AR), Singular Vector Decomposition (SVD) and Digital filtering methods. Also, we
give a brief comparison of these methods In order to enhance the coding prediction performance as well as the computa-
tional complexity. Results provided that both STFT and digital filtering techniques for EIIP coded sequences performs with

highest accuracy compared with AR and SVD methods.
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1. Introduction

With the explosive accumulation of genome sequences, it
has become the task of bioinformaticians to annotate a large
amount of sequences with a very high degree of accuracy.
Annotation includes identification of genes in the genome,
assigning putative functions to them and characterizing their
boundaries. The algorithms for identification of genes make
use of one or more of the several available coding measures.
These coding measures incorporate a unique feature or cha-
racter of the coding sequence, based on which accurate
identification of the sequence can be done.

Gene prediction analysis and specifically, the computa-
tional methods for finding the location of protein-coding
regions in uncharacterized genomic DNA sequences, is one
of the central issues in bioinformatics. For a given DNA
sequence of an organism, in which the genes and other
functional structures are not already known, it is very im-
portant to have an accurate and reliable tool for automatic
annotation of the sequence: the number and location of
genes, the location of exons and introns (in eukaryotes), and
their exact boundaries. Therefore, along with standard mo-
lecular methods, many new methods for finding distinctive
features of protein-coding regions have been proposed in
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the past two decades. These methods are based on different
measures for discriminating between protein-coding and
non- coding regions.).

In eukaryotic DNA, genes generally consist of coding re-
gions (exons) and non-coding regions (introns). Proteins are
translated from a copy of the gene where introns have been
removed and exons are joined together, a process called
splicing. It is therefore of importance to identify reliably the
start of a gene, its exons and introns (if present) as well as
the end of the gene, whereas in prokaryotes these regions
are continuous. A DNA sequence is a string of the four
characters A, C, G, and T which represent the four nucleo-
tides. Each of the twenty possible amino acid is coded by
three such nucleotides. In the exon, the nucleotides there-
fore exhibit a periodicity with period- 3 arising from the
special bias built into the genetic code. Based on this prop-
erty in coding regions of DNA, different methods to discri-
minate between coding and non-coding regions using statis-
tical methods[1], autocorrelation[2], and finally Fourier
analysis have been investigated[3].

While the intronic sequences show a rather random pat-
tern, coding sequences show periodicities[4]. Based on this
property, in order to differentiate between coding and
non-coding regions, The DNA sequence is first encoded
into a numeric sequence then, we apply different frequency
domain power spectrum estimation techniques for the de-
tection of 3- base periodicity property. The EIIP sequence
indicators are used for numerical data representation. Then,
power spectrum of these mapped sequences reveals period
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three peaks for exon regions. Many DSP techniques have
been used to automatically distinguish the protein coding
regions (exons) from the non- coding regions (introns) in a
DNA sequence. In this paper, we investigated the effect of
using the EIIP mapping methods on different frequency
domain power spectrum estimation methods for the dis-
crimination between coding and non- coding protein re-
gions. A good discrimination between exon areas and
non-coding areas of a number of genomes when the se-
quences are mapped to EIIP indicator sequences and the
power spectra of the same are taken in a sliding Kaiser
window, compared to the existing method using a rectan-
gular window which utilizes binary indicator sequences.
This mapping method has abandoned the four sequences all
together and adopted a single ‘EIIP indicator sequence’
which is formed by substituting the electron-ion interaction
pseudopotentials (EIIP) of the nucleotides A, G, C and T in
the DNA sequence, reducing the computational overhead by
75%][5].

2. Methods

1. Numerical Sequence Representation

Before computational methods can be applied, it is ne-
cessary to convert the A, T(U), G and C character se-
quences into numeric sequences. Many rules have been
proposed for this purpose[6]. In this work we have used the
EIIP sequence indicators; the energy of delocalized elec-
trons in amino acids and nucleotides has been calculated as
the Electron-ion interaction pseudopotential (EIIP)[5]. The
EIIP values for the DNA nucleotides are given below in
Table 1. For example, if x[n] =[A AATGTCATCAG],
then using the values from Table 1, X.[n] =[0.1260 0.1260
0.1260 0.1335 0.0806 0.1335 0.1340 0.1260 0.1335 0.1340
0.1260 0.0806]. The Kaiser Window function is used with
EIIP mapping scheme with a defined size to remove most of
extraneous peaks appears when using rectangular win-
dows[5]. Then, the corresponding Discrete Fourier Trans-
form is given by:

N-1 - j27rk7

Y X, (e N k=012,.N-1 (D

n=0
The corresponding absolute value of the power spectrum
is,

X, (k)=

S,[k1=|X [k @)

S.[k] has been plotted versus k with a peak at k= N/3 in
coding regions, while in non-coding regions this peak is not
found.

Table 1. electron Ion Interactionnits pseudo potentials of nucleotides
ElIP Nucleotide
0.1260 A
0.0806 G
0.1340 C
0.1335 T

2. Detection of 3- Base Periodicity

The property of 3-base periodicity is identified as a pro-
nounced peak at the frequency N/3 (N is the length of the
DNA sequence) of the power spectrum of protein coding
regions and it is used as a marker in gene-finding algo-
rithms to distinguish protein coding regions (exons) anfrom
non coding regions (introns) of genomes. The notion of
frequency can be applied to DNA sequences in the sense
that portions of the sequence can recur regularly at a par-
ticular frequency (especially during coding regions). This
frequency of recurrence can be exploited using techniques
such as the STFT, AR (Auto Regression) methods, SVD
(Singular Value Decomposition) methods and filtering
methods[7].

2.1. Sliding Window STFT Method

The short-time Fourier transform (STFT), or alternatively
short-term Fourier transform, is a Fourier-related transform
used to determine the sinusoidal frequency and phase con-
tent of local sections of a signal as it changes over time. In
order to detect probable coding regions in DNA sequences
we examine the local signal to noise ratio of the peak within
a sliding window and by selecting an appropriate threshold.
Simply described, in the continuous-time case, the function
to be transformed is multiplied by a window function which
is nonzero for only a short period of time. The Fourier
transform (a one-dimensional function) of the resulting sig-
nal is taken as the window is slid along the time axis, re-
sulting in a two-dimensional representation of the signal.
Mathematically, this is written as:

o0

STFT {X()}=X(z,w)= [x()wW(t—7)e’"d:

- 3)

Where w (£) is the window function, x () is the signal to
be transformed. X (t, w) is essentially the Fourier Trans-
form of x (#) w (#-7), a complex function representing the
phase and magnitude of the signal over time and frequency.
Often phase unwrapping is employed along either or both
the time axis, T and frequency axis w, to suppress any jump
discontinuity of the phase result of the STFT. The time in-
dex 1 is normally considered to be "slow" time and usually
not expressed in as high resolution as time .

In the discrete time case, the data to be transformed could
be broken up into chunks or frames (which usually overlap
each other). Each chunk is Fourier transformed, and the
complex result is added to a matrix, which records magni-
tude and phase for each point in time and frequency. This
can be expressed as:

STFT{x[]} = X(m,w) = > xfnJwin—mje /"N

n=—00

4)

Likewise, with signal x/n] and window w/n/. In this case,
m is discrete and w is continuous, but in most typical appli-
cations the STFT is performed on a computer using the Fast
Fourier Transform, so both variables are discrete and quan-
tized. Again, the discrete-time index m is normally consid-



American Journal of Biomedical Engineering 2012, 2(2): 17-22 19

ered to be "slow" time and usually not expressed in as high
resolution as time n. The magnitude squared of the STFT
yields the spectrogram of the function:

Spectrogram{x()} = |X(T:W)|2 )

2.2. Auto Regressive (AR)

The AR technique assumes that the observed data x(n) for
n=0,l,.,N-1 is the output of a recursive digital filter having
only poles - there are no zeros in the AR model. In other
words:

X(n) = u(n) = agxy_ = ap% g == dpYnp (6)

The number of filter coefficients is termed the order of the
model and is equal to the number of filter poles. Hence, the
AR technique is a parametric method which is based on
modeling the data sequence x (1) as the output of linear
system, characterized by a rational system function of the
form:

Hzy=-——1 ™
P
1+ X apz""
r=1

The power spectrum estimation expression for the AR

model can be obtained from:
P(k)= i ®)
1+ § wokr
ayp N
r—1

Where o7 is the variance of u (1) and Wy = e’ ®™V. Es-
sentially, it is important to get the model order p roughly
correct before starting the analysis. To choose the model
order we need to know the expected number of resonance’s
of the system. If the order is too low, resolution suffers and
we obtain a highly smoothed spectrum. On the other hand, if
p is selected too high, we run the risk of introducing spurious
low-level peaks in the spectrum. However, in the case of
genetic sequence analysis we are very fortunate in that we
know a priori that there exists one dominant spectral peak of
interest in the protein coding regions and hence we can
choose a large (but not too large) model order for maximum
resolution, without running the risk of spurious peaks|[8].

2.3. Singular value decomposition (SVD)

The SVD takes a rectangular matrix of data reshaped
numeric DNA sequence values (defined as A, where A is
kxp matrix). The SVD theorem states that:

T
SV €

A
kxp Pxp

kxp :kak

Where UTU = Ik . (i.e. U and V are orthogonal)
x

PV =lpxp

The matrix S (the same dimensions as A) has singular
values in decreasing order. The singular values in S are

square roots of Eigen values from 44" or A”4. The frames of
numeric DNA sequence values can be organized into a rec-
tangular matrix (kxp) before applying to SVD. In order to
detect period- 3 behavior, we choose the value of k=3. The
linear combination of the highest singular values of all
frames of all types can be used for the decision to predict
about coding and non coding regions of the DNA se-
quence[9].

2.4. Digital Filtering Techniques

The Short Time Fourier Transform method of finding
exons as described above may be viewed essentially as a
filtering technique. As N corresponds to 2 i, the period 3
components may be isolated by filtering the sequence
through a bandpass filter H(z) with the pass band centered on
211/3. If we give the numerical DNA sequence X[n] as input
to H(z),the corresponding outputs y[n] will have peaks at
coding regions as the filter has a passband around 2 i /3.
Now y[n] plotted against n will reveal peaks in exon regions
and such peaks are absent in noncoding regions. So this can
be utilized for locating exons in a DNA segment. An ad-
vantage of this method is that it is not model dependent. The
design and implementation of H (z) as an anti-notch filter
and its modifications are discussed in a number of papers[10-
12]. We will describe them briefly as:

Consider a second order all pass filter:

Rz —2Rcos 02_1 + Z_Z

A(Z) = (10)
1—2Rcost§’z_1 +R2 2_2
With poles at Re and zeros at
Reij 0
Also, consider a filter bank:
G(z 111 1 1
(2) =— (11
H(z) 211 —1|| A(z)
From the equation “(8),” and equation “(9),”
1+R* 1-2cosw, z ! +z72
G(z)= o (12)
2 1-2RcosfZ7' +R*:7?
Where
COS WO = M (13)
1+ R

This shows that G (z) is a notch filter with a zero at ®,. For
stability, R should be less than 1. It is clear that as the pole
radius R gets close to unit circle, , gets close to 0. So, at any
frequency sufficiently away from w, the contribution of zero
and pole are almost same and G (z) has unity gain. It can be
easily verified that G (z) and H (z) are power complementary.
So, H (z) is a good anti-notch filter which can be used to
identify exons. For realizing H (z), we may substitute the
value of A (z) from “(10),” in “(11),” Noting that cos @ ¢ =
cos (2 1 /3) for the anti-notch filter to locate coding regions,

1 (A-R*>1-z2 (14)

HE =5 2 1. .2 2
1+5(1+R )z " +R7z

The value R=0.992 was taken in our experimental work.
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3. Evaluation Criteria

In this paper, we have used the discrimination measure D
to differentiate between coding (exons) and noncoding re-
gions (introns). It is used to compare the performances of
different frequency domain power spectrum estimation
methods in EIIP coded sequences based on the property of 3-
base periodicity. The D measure is given by:

Lowest Peak in coding regions (exons)

Highest peak in the non coding regions (introns)

As D value increases as we have a better discrimination
between exons and introns. Also, If D is more than one, all
exons are well identified without ambiguity and if D is less
than one , this indicates that at least one exon is not having
enough strength to be distinguished from non coding ar-
eas[5].

4. Experimental Setup

4.1. DNA Sequence Database

We have applied our work to a set of DNA sequences
coded in EIIP indicator sequences. Here a sequence segment
with 8000 base pairs in gene F56F11.4 in C-elegans (base
number 7021 — 15080 in chromosome III; accession number
AF099922) and the gene HUMELAFIN (Acc. No. D13156,
homosapiens gene for elafin), were taken as an example.
Then, In order to discriminate between coding and non
coding DNA regions, the 3- base periodicity property has
been detected using different frequency domain power
spectrum estimation methods as STFT, AR, SVD and fil-
tering techniques. In this paper, we have checked the power
spectrum of several exon segments of eukaryotic genes in a
number of organisms using EIIP indicators on two data sets.
One is the dataset prepared by Burset and Guig6[13] and the
other is HMR195[ 14] prepared by Sanja Rogic.

4.2. Prediction Setup

In our experiments, estimates of AR model parameters are
computed using the Burg method. The AR model order is
varied from 2- 120 and frame size from 51 to 600, we found
an order of 90 and frame size of 240 more suitable to our
dataset. The STFT window length was adjusted to 351 using
a Kaiser Window. In the SVD implementation, a frame size
of 81 was used to organize the numeric sequence values into
3 x 27 rectangular matrices. Also, in the anti- notch filtering
method the pole radius R was chosen close to unit circle
(R=0.992). The DNA coding regions are identified by the
peaks of the plots shown below as in Fig 1 which shows the
power spectrum of the gene FS6F11.4 in C-elegans (base
number 7021 — 15080 in chromosome III; accession number
AF099922), containing five exons, and Fig 2 which shows
the power spectrum of the gene HUMELAFIN (Acc. No.
D13156, homosapiens gene for elafin), using EIIP indicator.
HUMELAFIN has two exons, one from nucleotide positions
245 to 325, and the other from 1185 to1459.
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Figure 1. Comparison of different frequency-domain techniques for gene
F56F11.4 in C-elegans
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Fower spectrum using EIIP indicator
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Figure 2. Comparison of different frequency-domain techniques for gene
HUMELAFIN (Acc. No. D13156, homosapiens gene for elafin)

5. Comparisons and Evaluation

According to the discrimination measure D, It is evident
that STFT and digital filtering techniques for EIIP coded
sequences performs with highest accuracy compared with
AR and SVD methods, for all conditions however, the AR
spectral estimates for EIIP coded sequences provide the
lowest accuracy. This may be due to its modeling spurious
detail in the form of spectral peaks. It is very difficult to get
the model order p roughly correct for all type of sequences,
before starting the analysis. This could be one of the reasons
for the very weak results obtained for the AR method in work.
It evident from Fig 3 that for all conditions, the difference in
the D value for both STFT and digital filtering methods is
very small. Also, as shown in Figl and Fig 2 exons (first
exon) predicted using STFT are not unfortunately dominants
and shifted from the actual region in comparison to exons
predicted using digital filtering methods i.e. exons appear
located in the actual region and more visible in the sense that
they dominates spurious peaks when they are detected using
the digital filtering methods. Also, the AR technique pro-
vides a poor performance when compared to SVD technique;
this is also due to the spurious details of spectral peaks.

Comparison of different frequency domain methods in EIIP sequences
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Figure 3. D- measure for a set of genes for all frequency domain methods

6. Conclusions

In this work, we have predicted the locations of exons
through the detection of their 3-base periodicity behavior.
This was done through a study of the potential of applying
the EIIP sequence indicators to frequency domain methods
as short-time Fourier transform (STFT), auto regressive
model (AR), Singular value decomposition (SVD), and fil-
tering methods. We were able to accomplish high perform-
ance of the detection process when the proposed frequency
domain power spectrum estimation techniques used in EIIP
coded sequences. In conclusion, throughout this work we
have found that the EIIP mapping method does provide a
rather feasible coding scheme for the detection of the 3-base
periodicity property when used with both STFT and digital
filtering techniques. On the other hand, we have found that
the EIIP provides a poor performance when used with both
AR and SVD. So, according to this study and in order to
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improve the discrimination capability between coding and
non-coding regions, the digital filtering method using EIIP
mapping scheme can obviously provide a best performance
and reduces the computational complexity with some ad-
vantages in implementation.

REFERENCES

(1]

R. Staden and A. D. McLachlan, “Codon preference and its
use in identifying protein coding regions in long DNA se-
quences,” Nucleic Acids Res, vol. 10, pp.141-156, 1982.

J. W. Fickett, “Recognition of protein coding regions in DNA
sequences, ~’ Nucleic Acids Research, vol. 10, pp. 5303-5318,
1982.

S. Tiwari, S. Ramachandran, A. Bhattacharya, S. Bhatta-
charya, and R. Ramaswamy, “Prediction of probable genes by
Fourier analysis of genomic sequences,” Comput App! Biosci,
vol. 13, pp. 263-270, 1997.

A. A. Tsonis, J. B. Elsner and P.A. Tsonis, “Periodicity in
DNA coding sequences: Implementation in Gene Evolution,”
Theor Biol, vol. 151(3), PP. 323-331, 1991.

A. S. Nair, S. P. Sreenadhan, “A coding measure scheme
employing electron-ion interaction pseudopotential (EIIP),”
Bioinformation, vol. 1(6), pp. 197-202, 2006.

Mai S. Mabrouk, Nahed H. Solouma, Abou-Bakr M. Youssef
and Yasser M. Kadah, "Eukaryotic Gene Prediction by an
Investigation of Nonlinear Dynamical Modeling Techniques
on EIIP Coded Sequences", InternationalJournal of Biologi-
cal and Life Sciences, Vol. 3, No.4, pp. 225-230, 2007.

(7]

(8]

[10]

(1]

[12]

[13]

[14]

Manaswini Pradhan. Ranjit Kumar Sahu. “An Extensive
Survey on Gene Prediction Methodologies” (IJCSIS) Inter-
national Journal of Computer Science and Information Secu-
rity,Vol. 8, No. 7, October 2010.

N. Rao, S. J. Shepherd, “Detection of 3-Periodicity for Small
Genomic Sequences Based on AR Technique,” Communica-
tions, Circuits and Systems, ICCCAS International Confe-
rence, Vol. 2, pp. 1032 — 1036, 2004.

M. Akhtar, E. Ambikairajah and J. Epps, “Detection of pe-
riod- 3 behavior in genomic sequences using singular value
decomposition,” IEEE International Conference on Emerg-
ing Technologies September 17-18, Islamabad, 2005.

P. P. Vaidyanathan and B. J. Yoon, “Digital filters for gene
prediction applications,” IEEE Asilomar Conference on
Signals, Systems, and Computers, Monterey, CA, 2002.

P. P. Vaidyanathan and B. J. Yoon, “The role of sig-
nal-processing concepts in genomics and proteomics,”
Journal of the Franklin Institute, special issue on Genomics,
2004.

P. P. Vaidyanathan, B. J. Yoon, “Gene and exon prediction
using all pass filters, ” Workshop on Genomic Sig. Proc. and
Stat., Raleigh, NC, 2002.

M. Burset, R. Guigo, “Evaluation of Gene Structure Predic-
tion Prgrams,”Genoics,http://genome.Imim.es/datasets/ ge-
nomics96. 1996.

S. Rogic, “Evaluation of Gene- Finding Programs,” Univer-
sity of British Columbia, http:/ /www.cs.ubc.ca/~rogic/
evaluation.



	1. Introduction
	2. Methods
	2.1. Sliding Window STFT Method
	2.2. Auto Regressive (AR)
	2.3. Singular value decomposition (SVD)
	2.4. Digital Filtering Techniques

	3. Evaluation Criteria
	4. Experimental Setup
	4.1. DNA Sequence Database
	4.2. Prediction Setup

	5. Comparisons and Evaluation
	6. Conclusions

