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Abstract— Using digital signal processing in genomic
field is a key of solving most problems in this area such
as prediction of gene locations in a genomic sequence
and identifying the defect regions in DNA sequence. It
is found that, using DSP is possible only if the symbol
sequences are mapped into numbers. In literature many
techniques have been developed for numerical
representation of DNA sequences. They can be
classified into two types, Fixed Mapping (FM) and
Physico Chemical Property Based Mapping (PCPBM) .
The open question is that, which one of these numerical
representation techniques is to be used? The answer to
this question needs understanding these numerical
representations considering the fact that each mapping
depends on a particular application. This paper explains
this answer and introduces comparison between these
techniques in terms of their precision in exon and intron
classification. Simulations are carried out using short
sequences of the human genome (GRch37/hg19). The
final results indicate that the classification performance
is a function of the numerical representation method.

Index Terms—Genomic Signal Processing; DNA and
Proteins Sequences; Numerical Mapping; Codon,
Exons and Introns; Short Time Fourier Transform

. Introduction

Genomic Signal Processing (GSP) is defined as the
analysis, and use of genomic signals to gain biological
knowledge, and the translation of that knowledge into
systems-based applications. Genomic information is
digital in a very real sense. It’s It is represented in the
form of sequences of which each element can be one
out of a finite number of entities. Such sequences, like
DNA and proteins, have been represented by character
strings, in which each character is a letter of an
alphabet. In case of DNA, the alphabet is of size 4 (for
proteins it’s 20) and consists of the letters A, T, C and
G (e.g. ....ATCGCTGA ..). If numerical values are
assigned to these characters, the resulting numerical
sequences are readily amenable to DSP applications
such as gene prediction which refers to locate the
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protein-coding regions (exons) of genes in a long DNA
sequence [1]. Therefore, it is necessary to map the
symbols into numerical sequences. An ideal mapping
should be such that the period-3 component of the
DNA sequence should be independent of the
nucleotides mapping, which is possible only through
symmetric mapping [2]-[3]. Once the mapping is done,
signal processing techniques can be used to identify
period-3 regions in the DNA sequence. The average
length of a chromosome is of the order of millions of
bases so it needs vast number of computations for
identifying the protein coding regions. The
computational complexity can be reduced either at
mapping process or at implementation time. In recent
years [4]-[5], a number of schemes have been
introduced to map DNA nucleotides into numerical
values. Some possible desirable properties of a DNA
numerical representation include:

1. Each nucleotide has equal weight (e.g.,
magnitude), since there is no biological evidence to
suggest that one is more important than another;

2. Distances between all pairs of nucleotides
should be equal, since there is no biological evidence to
suggest that any pair is closer than another;

3. Representations should be compact, in
particular, redundancy should be minimized;

4. Representations should allow access to a range
of mathematical analysis tools.

The paper is organized as follows. Section 1 presents
this introduction. Sections 2 and 3 review the recently
published mapping techniques of DNA sequences into
numerical representations which are broadly classified
into two major groups: fixed mapping techniques and
physico-chemical property based mapping techniques
and their applications. Section 4 introduces a
comparison between different mapping techniques in
terms of their merits and demerits. Section 5 introduces
the simulation and results of using some of the existing
mapping techniques in exon and intron classification. It
also includes the comparison between mapping
approaches relative to accuracy in exon and intron
classification. Finally, section 6 concludes the paper.
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Il. Fixed Mapping of DNA Sequence

In FM techniques, the nucleotides of DNA data are
transformed into a series of arbitrary numerical
sequences [5]. These techniques are represented by two
choices [6]. In the first choice four binary sequences are
created, one for each character (base), which specify
whether a character is present (1) or absent (0) at a
specific location. These binary sequences are known as
indicator sequences. The second choice is based on the
geometric representations where meaningful real or
complex numbers are assigned to the four characters A,
T, G, and C. In this way a single numerical sequence
representing the entire character string is obtained. In
general FM techniques [5] include the Voss [7], the
tetrahedron [2], the complex [8]-[11], the integer [9],
the real [12], and the quaternion [13] - [14]
representations. Each of the DNA numerical
representations offers different properties as will be
show in details in the following sections.

2.1 Voss Mapping Technique

One of the most popularly used mapping techniques
is the Voss mapping which maps the nucleotides A, C,
G, and T into four binary indicator sequences
xa(n), xc(n), Xg(n), and xp(n) [7]. Consequently it is
a four dimensional mapping [3], because each base in
the DNA sequence is represented by a four dimensional
vector composed of either ‘0’ or ‘1°. The number of 1°s
in any vector is exactly one. For example in the
indicator sequence x,(n), ‘1’ indicates the presence of
base A and ‘0’ indicates its absence as shown in the
following example.

DNA TGTCACTCG G
Sequence

xa(n) : .0 000 01 00 OO0 O..
xc(n) : .0 0 0 0 1 0 1 0 1 0 O..
xg(n) .0 01 00 00 0 0 1 1.
x7(n) : .1 101 00 01 0 0 O..

Voss mapping method does not predefine any
mathematical relationship among the bases, but only
indicates the frequencies of the bases. This method is
an efficient representation among fixed mapping
methods for spectral analysis of DNA sequences. The
Fourier power spectrum of the Voss’s binary indicator
sequences, reveals a peak at frequency 1/3 (period-3)
for coding regions and shows no peak for non-coding
regions. The main application of VVoss technique is the
efficient identification of the coding and non-coding
regions in a DNA sequences [15]. DFT of a sequence
x(n) of length L, is itself another sequence X[K], of the
same length L.

L-1 o
X[K] =Zx(n)e T Kk =01,.....L-1

n=0

1)
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The sequence X[K] provides a measure of the
frequency content at frequency K, which corresponds to
an underlying period of L/K samples. Using the above
definition the X, [K], X[K], X¢[K], and Xg[K] are the
DFTs of the binary indicator sequences x,(n), xr(n),
xc(n), and xg(n), respectively. As a result, the total
power spectral content P[K] of the DNA character
string, at frequency K is given by;

P[K] = [Xa[K]I? + [X7[K]|? + [Xc[K]I?
+ XIKII?, O]
K=01,....,L—-1

The period-3 property of a DNA sequence implies
that the DFT coefficients corresponding to K = L/3 is
large, where L is a multiple of 3. The period-3 property
is related to the different statistical distributions of
codons between protein-coding and non-coding DNA
sections. This property is used as a basis for identifying
the coding and non-coding regions in a DNA sequence.
Instead of evaluating the DFT of a full-length sequence
(L), Short Time Discrete Fourier Transform (STDFT) is
computed over N samples for each binary indicator to
get a better time domain resolution by sliding a
window by one entry in the sequence.

N-1

XoKI = " w(nxg(me 2o/
n=0
for0<K<N-1

Where, a =A, T, C, G and w(n) is a rectangular
window given by;

_ (1 for0 <n<N-1 (4)
w(n) = {0 elsewhere

Fig 1 shows the result of applying STDFT on
nucleotide sequence of the gene F56F11.5 of C. elegans
[GenBank website [16], Accession number: AF099922]
over the bases 7021 to 15120 by using rectangular
window with length 351. It is known that this sequence
has five known coding regions, but the use of Voss
mapping technique shows four discernible peaks for
coding regions 2, 3, 4, 5 and the first coding region is
unrecognizable.
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Fig 1: The power spectrum P[N/3] vs. the base location n for the gene
F56F11.4 in the C.elegans chromosome 1l using VVoss mapping.
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2.2 Tetrahedron Representation

This representation [2] reduces the number of
indicator sequences from four to three but in a manner
symmetric to all the four sequences, where the four
sequences x,(n), xc(n), xg(n), and x¢(n) are mapped
to the four 3- dimensional vectors pointing from the
center to the vertices of a regular tetrahedron as shown
in Fig 2. Voss and the tetrahedron mapping methods are
two equivalent representations when being used in
power spectrum analysis [4]-[6]. The resolving of the
four three-dimensional vectors, results the following:

(a'n ags ab) = (05 Os 1)

Q)
2v2 1
(tn tgs tb) = <Ts 0,- g) (6)
V2 V6 1
(gr’ gg’ gb)= -T,_T’_§> (7)
V2 V6 1
(Cn Cg» Cb) = <'?’ ?’ '5) (8)

which give rise to the following three numerical
sequences

x:(n) = g (2x7(n) — xc(n) — xg(n)) 9)
= 2 (xem) — o) )

o) = 3 (3a(m) — xe(0) — xe(m) ~xg () (1D

Where r, g, b are red, green, and blue indicators,
respectively.

Obtaining DNA spectrograms of biomolecular
sequences is the main application of tetrahedron
representation. These simultaneously provide local
frequency information for all four bases by displaying
the resulting three magnitudes by superposition of the
corresponding three primary colors, red for [X[K]|,,
green for |[X[K]|g, and blue for X [K]|,. Thus color
conveys real information, as opposed to pseudo color
spectrograms, in which color is used for contrast
enhancement. For example, Fig 3 shows a spectrogram
using DFTs[8] of length 60 of a DNA stretch of 4,000
nucleotides from chromosome Il of C. elegans
(GenBank[16], Accession number: NCO000967). The
vertical axis corresponds to the frequencies K from 1 to
30, while the horizontal axis shows the relative
nucleotide locations starting from nucleotide 858,001;
only frequencies up to K =30 are shown due to

conjugate symmetry as x,., X, and x;, are real sequences.

The resulting DNA color spectrogram can be used to
locate repeating DNA sections as shown in Fig 3.
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Fig 2: The Tetrahedron representation

Spectrograms also can be used to locate CG rich
regions in DNA called CpG islands [6]. The ‘'p’ in CpG
simply denotes that C and G are linked by a
phosphordiester bond as shown in Fig 4.
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Fig 3: Real DNA section
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Fig 4: CpG islands (green) separated by regions rich in A (blue)
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2.3 Complex Representation

The dimensionality of the tetrahedral representation
can be reduced to two by projecting the basic
tetrahedron on different planes [8]-[11]. Such planes
can be chosen in various ways that conserve the
symmetry of the representation and reflect biological
properties in corresponding mathematical properties.
For instance, the planes can be defined by a pair of the
coordinate axes. On the other hand, these planes can be
put in correspondence with a complex plane, so that a
complex representation of the bases is obtained. For
example, the four bases are placed in a quadrantal
symmetry as shown in Fig 5-a and the complex
representation of the bases is given by:

x(n)=ax, (n)+cxc (n)+txr(n)+gxg(n) (12)

Where, a=1+4+j, t=1—-j, c=-1—-j, and
g = —1+j are complex numbers. This representation
would be more advantageous from signal processing
perspective depending upon the chosen values of the
variables (a, t, ¢, g) [1].

The complex representation has the advantage of
better translating some of the features of the bases into
mathematical properties. For instance, in the
representation of Fig 5-a, the complementarily of the
pairs of bases A-T and G-C, respectively, is expressed
by the fact that their representations are complex
conjugates, while purines and pyrimidines have the
equal imaginary parts and real parts of opposite sign.
Permuting the bases A-G, i.e., choosing the left
projection plane, the representation shown in Fig 5-b is
obtained, for whicha=-1+j,t=1—-j,c=-1—}j,
and g =14j. This representation has the advantage
that the two complementary strands of a DNA molecule
correspond to digital signals of equal absolute values,
but opposite signs, so that their sum is always zero.

e A
e Purines|] j
Compl. Compl.
R
1 1
—J | Pyrimidines
(‘ 0 T

@
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Fig 5: The projections of the tetrahedral representation of the
nucleotides on the (a) Right plane, (b) Left plane.

The main application of the complex representation
is the detection of exon regions [17], where the P-3
property can be identified by calculating the STDFT
X.IK] for each binary indicator x,(n); (a =A, T, C, G)
over N samples given by equations (3) and (4). The
power spectrum of the DNA sequence P[K] is
calculated by:

2
P[K]= % [aX \ [K]+X[K]+eXc[K]+eX6[K]] (13)

Where, a, t, c, andg are complex mapping
constants given respectively by [17];

a=0.10 4+ 0.12j, (14)
t=—0.30 — 0.20j, (15)
c=0,and (16)
g = 0.45 — 0.19j a7

The above constants are calculated such that
discriminatory capability between protein coding
regions (with corresponding random variables A, T, C,
and G) and random DNA regions is maximized [8]. If
P-3 property is present, the STDFT coefficient X, [N/3]
is significantly larger than the surrounding STDFT
coefficient. Consequently, P[N/3] is large in a coding
region. As an illustrative example, the STDFT method
was used to analyze coding regions in the gene
F56F11.4 in C.elegans chromosome |11 over the bases
7021 to 15120, using rectangular window with length
351. This 8100-length DNA sequence, which obtained
using the Nucleotide Accession Number ‘AF099922°
from Genbank website [16], yields to the power
spectrum P[N/3] shown in Fig 6. From this figure, all
the five known coding regions are recognizable. Thus,
the complex mapping has a good feature in gene
prediction.
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Fig 6: The power spectrum P[N/3] vs. the base location n for the gene
F56F11.4 in the C.elegans chromosome |1l using complex mapping.

2.4 Integer Representation

The integer representation is a one-dimensional (1-D)
mapping of DNA bases [5], [9]. This mapping can be
obtained by mapping numerals {0, 1, 2, 3} to the four
nucleotides as: T=0, C=1, A=2, and G=3. However,
this method implies a structure on the nucleotides such
as purine (A, G) > pyrimidine (C, T). Similarly [4], the
representation A=0, C=1, T=2 and, G=3 suggests that
T>A and G>C. Arbitrarily assigned integer
representation may introduce some mathematical
property which does not exist in a base sequence. For
measuring the accuracy of this mapping technique in
gene prediction, the STDFT method was used to
analyze coding regions in the gene F56F11.4 in
C.elegans chromosome Il over the bases 7021 to
15120, using rectangular window with length 351. The
power spectrum P[N/3] of 8100-length DNA sequence
(Nucleotide Accession Number ‘AF(099922° from
Genbank  website [16]), using first possible
representation (T=0, C=1, A=2, and G=3) and second
possible representation (A=0, C=1, T=2 and, G=3) are
shown in Fig 7 and Fig 8 respectively.

From these figures, the first possible mapping is not
accurate in prediction of the first and forth exons, but it
gives approximately the same results with the complex
mapping in prediction of the second, third and fifth
exons. This mapping gives better results than the
second possible mapping in gene prediction. Fig 8
shows that, the second possible mapping is not accurate
in gene prediction. Hence the DSP applications of
integer mapping are limited suggesting that these
integer mappings need to be used carefully for a given
application [5].
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Fig 7: The power spectrum P[N/3] vs. the base location n for the gene
F56F11.4 in the C.elegans chromosome 111 using integer mapping
(T=0, C=1, A=2, and G=3).
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Fig 8: The power spectrum P[N/3] vs. the base location n for the gene
F56F11.4 in the C.elegans chromosome |11 using integer mapping
(T=2, C=1, A=0, and G=3).

2.5 Real Number Representation

The real number representation A =-1.5, T=15, C
=0.5, and G = -0.5, which bears complementary
property, is efficient in finding the complimentary
strand of a DNA sequence [5], [12]. However, the
assignment of a real number to each of the four bases
does not necessarily reflect the structure present in a
DNA sequence. For example in the sequence CTGAA
represented by 0.5; 1.5; —0.5; —1.5; —1.5., the change
sign and reverse of the representation 1.5; 1.5; 0.5; —1.5;
—0.5 vyields to the sequence TTCAG. In the
computation of correlations, real representations are
preferred over complex representations. Furthermore, it
is interesting to note that the complex, real, and integer
representations can also be viewed as constellation
diagrams, which are widely wused in digital
communications.

In the aforementioned analysis, the mapping rule
used played an important role in identifying

Information Technology and Computer Science, 2012, 8, 22-36
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matches [12]. The real and integer-number mapping
rules yielded different string matches. This is due to the
inherent complementary property of the real mapping
rule and the non-complementary property of the integer
mapping rule. For example, the occurrences of the
template 5”-TACGTGC-3” need to be found in a long
DNA string. The corresponding numerical sequence
obtained through real mapping would be 5’-1.5,—1.5,
0.5,-0.5, 1.5,-0.5, 0.5-3”. The following numerical
sequences will have the same autoregressive (AR)
parameters as the above template:

(i 57- -1.5, 1.5,-0.5, 0.5,-1.5, 0.5,-0.5-3" = 57-
ATGCACG-3": (reversed complement of the template);
(i) 57-0.5,-0.5, 1.5,-0.5, 0.5,-1.5, 1.5-3” = 5
CGTGCAT-3": (reversed template);

(iii) 57- -0.5, 0.5,-1.5, 0.5,-0.5, 1.5,-1.5-3” = 5-
GCACGTA-3": (complement of the template).

This is due to the fact that: (a) the sign-reversed
numerical sequence and the actual numerical sequence
have the same linear dependence and hence the same
AR parameters, and (b) minimizing the forward or the
backward linear prediction error would theoretically
yield the same AR model. Table 1 shows the detection
of repeats of DNA segments via AR modeling. Real
mapping rule and second-order AR model features are
used; the template is 8 bp long. There are 5 repeats in
the whole sequence. Identification of complementary
and reversed sequences is obtained as well.

Table 1 Detection of repeats of DNA segments via AR modeling

Position with the same features DNA segment
210-217 (template) CTCACATT
5174-5181 CTCACATT
12572-12579 CTCACATT
19278-19285 AATGTGAG
29624-29631 CTCACATT
36387-36394 AATGTGAG
55805-55812 AATGTGAG
6310663113 CTCACATT

2.6 Quaternion Representation

In the quaternion representation [13] of DNA bases,
pure quaternions are assigned to each base through
geometric representations [6]. One possibility is to
assign to the 4 bases the 4 vectors from the center to the
vertices of a regular tetrahedron as show in Fig 9,
where the vertices of a regular tetrahedron form a
subset of the vertices of a cube. Hence, the 4 vectors
point towards alternate cube vertices. Assuming that the
cube side length is 2 units and the origin is located at
the cube center; the co-ordinates of the vertices of the
cube are (+1, +1, +1). Consequently, the vectors a, c,
g, and t are described bya=i+j+k, c=i—j—Kk,
g=—-i—j+k , andt=—-i+j—k It has been
conjectured that the quaternion approach can improve
DNA pattern detection in the spectral domain through
the use of the quaternionic Fourier transform [14] .

Copyright © 2012 MECS

This method of mapping can be used to compute the
periodicity transform of DNA sequences [14]. It has
been often observed that the occurrence of repetitive
structures (or tandem repeats) in genomic data is
symptomatic of biological phenomena. Perhaps the best
known example of this association is the 3-base
repetition of codons, which is characteristic of protein
coding regions in DNA sequences of eukaryotic cells.
The 3-base repeat is considered large-scale, as it occurs
throughout the genome, in contrast to small-scale
repeats, typically restricted to individual genes or gene
subsets. Small-scale genomic repeats and repeat
changes in the human genome have been associated,
among others, with genetic diseases. Applications of
repetitive structures include prediction of gene and
exon locations and identification of diseases. The
quaternionic approach can be utilized (via the
quaternionic Fourier transform) to improve the spectral
methods.

Adenine

1

T'hymine

1

Cytosine

s |
Fig 9: The quaternion representation

I11. Physico Chemical Property Based Mapping

In physic chemical type of mapping, biophysical and
biochemical properties of DNA biomolecules are used
for DNA sequence mapping, which is robust and used
to search for biological principles and structures in
biomolecules [5]. In the following, the PCPBM
techniques include, the Electron-lon Interaction
Potential (EIIP) [18]-[19], the atomic number [20], the
paired numeric [21]-[22], the DNA walk [23] - [24],
and the Z-curve representations [25]-[26], are reviewed.

3.1 EIIP Representation

In the EIIP representation the quasi-valence number
associated with each nucleotide is used to map DNA
character strings into numerical sequences [18]-[19]. It
is just one example of a real number representation,
which maps the distribution of the free electrons’
energies along a DNA sequence. A single EIIP
indicator sequence is formed by substituting the EIIP of
the nucleotides A=0.1260, C=0.1340, G=0.0806, and
T=0.1335 in a DNA sequence. If we substitute the EIIP
values for A, G, C, and T in a DNA string x(n), we get
a numerical sequence which represents the distribution
of the free electrons’ energies along the DNA sequence.

1.J. Information Technology and Computer Science, 2012, 8, 22-36
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This sequence is named as the EIIP indicator sequence,
Xe(n). For example, if x(nN)=[AATGCATCA],
then using the values for each nucleotide, x.(n) =
[0.1260 0.1260 0.1335 0.0806 0.1340 0.1260 0.1335
0.1340 0.1260].

This method may be used as a coding measure to
detect probable coding regions in DNA sequences [18].

Let X [K] be the STDFT of the sequence x.(n) which
is given by;

N-1 _
X e[K]=Z: w(n)xe(n)e('w) K=0,1,...N-1 (18)
n=0

Where w(n) is a rectangular window described by
equation (4). The corresponding absolute value of the
power spectrum is calculated as;

S [KI=IX [K]I? (19)

When S _[K] is plotted against K, [15] it reveals a peak
at N/3 for a coding region and no such peak is
observable for a noncoding region. In rectangular
windows with length 240 were used for evaluating the
STDFT of the gene F56F11.4 in C.elegans
chromosome 11 over the bases 7021 to 15120 as show
in Fig 10. This 8100-length DNA sequence, which
obtained using the Nucleotide Accession Number
‘AF099922” at Genbank website [16], contains five
known coding regions.
-2

x10
6

0 2000 4000 6000 2000
Relative DNA nucleotide location {n)

Fig 10: The power spectrum P[N/3] vs. the base location n for the
gene F56F11.4 in the C.elegans chromosome 11 using EIIP mapping

3.2 Single Atomic Number Representation

A single atomic number indicator sequence is formed
by assigning the atomic number to each nucleotide as:
A=70, C=58, G=78 and T=66 in a DNA sequence [20].

3.3 Paired Numeric Representation

In the paired numeric representation nucleotides (A-
T, C-G) are to be paired in a complementary manner
and values of +1 and -1 are to be used respectively to
denote A-T and C-G nucleotide pairs. It can be

Copyright © 2012 MECS

represented as one or two indicator sequences. This
representation incorporates DNA structural property
with reduced complexity, joining opposite strands of
double helix DNA through hydrogen bonds [4] - [5].
However, this is not the reason for their pairing here, as
only one strand is used for the computational analysis
of DNA. This representation incorporates a very useful
DNA structural property, in addition to reducing
complexity. In general, a nucleotide sequence { n; },
where i =(1, 2, .......... , L) of length L is comprised of
base pairs A, C, T, and G [21]. In order to apply
numerical methods to a nucleotide sequence, there were
seven rules for mapping the nucleotide sequence onto a
one dimensional numerical sequence. They can be
summarized in the following.

1. Purine-pyrimidine (RY) rule. If n; is a purine (A or G)

then u; = 1; otherwise if n; is pyrimidine (C or T) then

u;= -1.

AA rule. If n;=A then u;=1 ; in all other cases u;=-1.

TT rule. If n;=T then w;=1 ; in all other cases u;=-1.

GG rule. If n;=G then u;=1 ; in all other cases u;=-1.

CC rule. If n;=C then u;=1 ; in all other cases u;=-1

Hydrogen bond energy rule (called the SW rule). u;= 1

for “ strongly bonded” pairs (G or C); u;= -1 for

“ weakly bonded “ pairs (A or T).

7. Hybrid rule ( called the KM rule). u;=1 for A or
C;u=-1forTorG.

o 0swN

The RY rule has been perhaps the most widely used
rule, but the other rules have also been applied.
Moreover there were also other additional mapping
rules (e.g., each base pair can be weighted by any
characteristic of those base pairs), so u; can be any
number such as molecular mass, hydrophobicity, ect.

The main application of the paired numeric mapping
is the gene and exon prediction [21]. The paired
numeric representation for gene and exon prediction
exploits one of the differential properties of exons and
introns, according to which introns are rich in
nucleotides “A” and “T” whereas exons are rich in
nucleotides “C” and “G”. Fig 11 indicates that the
genomic DNA sequences are first converted into single
numerical sequences using the paired-numeric
representation. This representation is based on
complementary statistics of the occurrence of DNA
nucleotides in exons and introns. In order to exploit this
property, the nucleotides are paired (i.e., A-T, C-G).
The values of +1 and -1 are assigned to show the
presence and absence of A-T and C-G nucleotides
respectively. The resultant single or two sequence DNA
representations offer reductions in the cost of DFT
processing compared with the four sequence binary
representation. According to the paired-numeric
representation, for a DNA sequence ‘ATGCTATT...’,
the single sequence representation would look like
x(n) = {+1, +1, -1, -1, +1, +1, +1, +1, ....}, where n
represents the base index.

This representation incorporates a useful DNA
structural property in subsequent processing. In a
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sliding window DFT, we normally calculate the DFT
for a window centred upon a single base index (i.e., K
= N/3 where N is the window size), which suggests that
different DFT results will be obtained at a particular
location of DNA sequence when moving the window in
the forward and reverse directions for the same

sequence. The following expression gives the Paired
Spectral Content (PSC) [22].

PSCIK]=IX[K]I*+IXr [K]I? (20)

window DFT

DNA Conversion
sequence to paired x[n]
numeric
indicator
sequence

(Forward)

Sliding X r[K]

PSC p—
Coding/

=" window DFT

(Reverse)

noncoding
Sliding Xg[K] decision

Fig 11: The diagram for the paired spectral content measure

Where, Xg[K] and Xg[K] are STDFTs for the
indicator sequence x(n) in the forward and reverse
directions respectively. Note that due to paired
indicators, a DFT in the reverse direction of the same
DNA strand is equivalent to a DFT on its
complementary strand. Fig 12 shows five coding
regions by using STFT of the gene F56F11.4 in
C.elegans chromosome 111 from GenBank website [16]
over the bases 7021 to 15120 when paired numerical
mapping is adopted.

0.09
0.08f
0.07}
0.06

& 0.05F

E 0.04
0.03}

0.02F

0.01p

0 L . L
0 2000 4000 6000 8000

Relative DNA nucleotide location (n)

Fig 12: The power spectrum content P(N/3) vs. the base location n for
the gene F56F11.4 in the C.elegans chromosome 111 using paired

mapping
3.4 DNA-Walk Representation

In order to study the scale-invariant long-range
correlations of a DNA sequence [23][24], a graphical
representation of DNA sequences, which called fractal
land-scape or DNA walk has been adopted. For the
conventional one-dimensional random walk model, a
walker moves either up [u(i) = +1] or down [u(i) =

Copyright © 2012 MECS

—1] one unit length for each step i of the walk. For the
case of an uncorrelated walk, the direction of each step
is independent of the previous steps. For the case of a
correlated random walk, the direction of each step
depends on the history (memory) of the walker. One
definition of the DNA walk is that the walker steps up
= +1 if a pyrimidine (C or T) occurs at position i along
the DNA chain, while the walker steps down=—1 if a
purine (A or G) occurs at position (i). The graph
continues to move upwards and downwards as the
sequence progresses in a cumulative manner [5], with
its base number represented along the x-axis .

The DNA walk allows one to visualize directly the
fluctuations of the purine - pyrimidine content in DNA
sequences. The positive slopes correspond to high
concentration of pyrimidines, while the negative slopes
correspond to high concentration of purines. Visual
observation of DNA walks suggests that the coding
sequences and intron-containing noncoding sequences
have quite different landscapes. It can be used as a tool
to visualize changes in nucleotide composition [24], as
shown in

Fig 13,where it provides a graphical representation
for each gene and permits the degree of correlation in
the base pair (GC versus AT) sequence to be directly
visualized. In the case of one dimensional walks
representation a DNA sequence of length L is
considered as follows:

X={x(@) ,  i=1,2 e, L} (1)

For a position i in the sequence, x(i) = -1 if a
pyrimidine is present and x(i) = 1 if a purine is present.
The corresponding DNA walk of the sequence is
defined as:
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S={s[i], i=1,2,....... ,L} (22)
where, slil= ) x(K) (23)
2

120

100}

B8O

60

40}

DNA walk

201

0 200 400 600 800 1000 1200 1400
Relative DNA nucleotide position (n)

Fig 13: One-dimensional DNA walk. This illustrates the relative
content of purine and pyrimidine residues within the non coding
region of Helicobacter pylori strain J99 bacteria .Accession
[AE001439] (4066 to 5435)

Locating periodicities or nucleotide structures may
be found using the complex walk representation, which
is shown in Fig 14, where S defined by equation (22),
(23) with the values of x for apposition i in the DNA
sequence defined as:

x@=1 if A (24)
x@=-1 if G (25)
x@=j ifT (26)
x()=-j ifC (27)

For instance, in both

Fig 13 and Fig 14, a staircase-like behavior of the walk
sequences occurring near (bp = 5150 ...5290). The
repeat sequence is 5’-AAAGAATTTAAAAAC-3’
and it occurs eight times over the region.

140

1201

100}

staircase structure
corresponds to
repetitive sequence

80

60

Imaginary axis

-50 0 50 100 150 200 250 300
Real axis

Fig 14: Two-dimensional DNA walk projection. This illustrates the
repetitive sequence structure in the noncoding region of Helicobacter
pylori strain J99 bacteria Accession [AE001439] (4066 to 5435)
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3.5 Z-Curve Mapping

The Z-curve is a three-dimensional curve that
provides a unique representation of a DNA sequence in
that the DNA sequence and the Z-curve can each be
uniquely reconstructed from the other [25]. Therefore,
the Z-curve contains all the information that the
corresponding DNA sequence carries. The resulting
curve has a zigzag shape, hence the name Z-curve. A
DNA sequence can be analyzed by studying the
corresponding Z-curve. One of the advantages of the Z-
curve is its intuitiveness; the entire Z-curve of a
genome can be viewed on a computer screen or on
paper, regardless of genome length, thus allowing both
global and local compositional features of genomes to
be easily grasped. By combining use of the Z-curve
with statistical analysis, better results may be obtained.
The Z-curve is composed of a series of nodes, Py, Py,
P,, ...., . with coordinates x,, y,, z,, where n =0, 1,
2, ...,L,and L is the length of the DNA sequence.

Xp = (An+Gn) - (Cn+ Tn)E Rn'Yn (28)
Yn= (An+cn) - (Grf"'-[‘n)E Mn'Kn (29)
Zn= (An+Tn) - (Cn"'Gn)E Wn'sn (30)

Here, A, , C,, G, and T, are the cumulative
occurrence numbers of A, C, G and T, respectively, in
the subsequence from the first base to the nth base in
the sequence. Consider that Ay =Cy =G, = T, =0,
and therefore, x, =y, = 7z, = 0. Here R, Y, M, KW
and S represent the purine, pyrimidine, amino, keto,
weak hydrogen (H) bond and strong H bond bases,
respectively. The three components of the Z-curve x,,
yn and z,,, represent three independent distributions that
completely describe the DNA sequence being studied.
The components x,,, y, and z,,, display the distributions
of purine versus pyrimidine (R vs.Y), amino versus
keto (M vs. K) and strong H-bond versus weak H-bond
(S vs. W) bases along the sequence, respectively. In the
subsequence constituted from the first base to the nth
base of the sequence, when purine bases (A and G) are
in excess of pyrimidine bases (C and T), x, > 0,
otherwise, x,, < 0, and when the numbers of purine
and pyrimidine bases are identical, x, = 0. Similarly,
when amino bases (A and C) are in excess of keto bases
(G and T), y, > 0, otherwise, y, < 0, and when the
numbers of amino and keto bases are identical, y, =0.
Finally, when weak H-bond bases (A and T) are in
excess of strong H-bond bases (G and C), z, > O,
otherwise, z, < 0, and when the numbers of weak and
strong H-bond bases are identical, z, = 0. Fig 15 shows
an example of the Z-curves for the M. mazei genome.
The Z-curve for a genome is a three-dimensional (3-D)
curve. Arrow indicates the position of cdc6 genes, and
also the putative replication origin.
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Fig 15: The Z-curve for M.mazei genome

To clarify the applications of Z-curve mapping, it
should be noted that the periodicity assumption is
different between the FT approach and the Z-curve
approach [26]. In the Z-curve approach, the periodicity
assumption applies with regards to the biological
properties and the nucleotide positions induced by the
different base combination. In contrast, the periodicity
assumption in the FT approach is made regardless of
the biological properties. It simply sums up the spectra
of  different nucleotide indicator  sequences
independently. For demonstration, let’s consider an
artificial sequence {T, A, G, C, G, A}. In the FT
approach, this gives rise to four binary indicator
sequences, {0, 1,0, 0, 0, 1} (A), {0, 0, 1, 0, 1, 0} (G),
{1, 0,0, 0, 0, 0} (T) and {0, O, O, 1, 0, 0} (C).
Periodicity cannot be observed in any sequence. In the
Z-curve approach, the modified sequence Sy[n] is {-1,
1, 1, -1, 1, 1}, which shows strong 3-periodicity.
Finally, three modified sequences which characterize
different biological properties are considered in the Z-

curve approach whereas only the original sequence is
considered in the FT approach. Hence, the FT approach
considers only one spike at 2m/3 for classification
whereas the Z-curve approach considers both the DC
value and the value at 2m/3 of three modified
sequences. In view of the above analysis, STDFT can
be applied to the modified sequences Sy[n], S;[n]and
S,[n] . Then the power spectra of the modified
sequences are first formed. The three DC values and the
three values at 2m/3 can then be used for sequence
classification. They carry similar  biological
interpretation as the Z-curve features.

IV. Comparison Between Mapping Approaches

Table 2 summarizes the DNA numerical
representations investigated in sections (2) and (3). One
example and the dimension for each mapping method
are given in the third and fourth columns respectively.
Table 3 summarizes the merits and demerits of these
representations.

Some of the above mentioned methods are effective
in gene prediction and the other methods have their
own applications. Table 4 shows the comparison
between the most promising gene prediction methods;
namely Voss, complex and EIIP mapping methods
relative to measure accuracy in detecting the five
coding regions for Gene F56F11.4. It indicates that the
region of exons and length of each exon detected by
each method compared with that obtained by National
Center for Biotechnology Information (NCBI) [16].

Table 2: DNA Numerical Representations Methods.

Method Representations Example : S(n)= [CGAT] Dimension
X,=1for S[n] =X; _ . - .
X, applies to any Cy, Gy, Ay, Ty pm S L I L A
V2 V2
x(n) = ?Z(ZTn —C,—Gyp) x,(n)= ?2 [-1,—1,0,2]
Tetrahedron [2] xg(n) = VS_E (Cy — Gp) xg(n) = g [1,-1,0,0] 3
%p(0)=7 (3An = Ty = Cn = Gn) xp(n)=71-1,-1,3,~1]
Integer [9] A=2C=1,G=3T=0 [1, 3, 2, 0] 1
Real [12] A=-15C06=050G=-05T=15 [0.5, —0.5, —1.5, 1.5] 1
) A=1+jC=-1+] IR S
Complex [8] - [11] G= —1—j T=1— ] [-1+j, -1—j,1+j, 1—j] 1,4
. ) A=i+j+k C=i—-j—k li-j—k —i—j+k
Quaternion [13] - [ | ¢ i 4k T=-i+j—k i+i+k  —i+j—K 1.4
A=0.1260, C=0.1340,
ENP [18] - [19] 50,0806 T=0.1335 [0.1340, 0.0806,0.1260, 0.1335] 1,4
Atomic number [20] A=70, C=58, G=78, T=66 [58, 78, 70, 66] 1,4
Paired Numeric [21] - _ _ P=[-1, -1, 1, 1] 1
[22] AorT =1,CorG = —1 P,, = [-1,—1,0,0] &[0,0,1,1] 2
DNA walk [23] - [24] CorT = 1,AorG = —1 [1,0,—-1,0] 1
Xp = (An+Gn) - (Cn+ Tn) )E Rn'Yn Xn = ['1| 0,1, O]
Z-curve [25] - [26] Vo= (Ap+Cph) — (G +Ty)= MK, yn=1[1,0,1,0] 3
Zp= (An+Tn) - (Cn"'c‘n)E Wn'sn Zn= ['11 '21 -1, O]
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Table 3 Merits and demerits of DNA numerical representations.

Method

Merits

Demerits

Voss [7]

Efficient spectral detector of base distribution and
periodicity features; offering numerical and
graphical visualization.

Linearly  dependent set of
representation; redundancy.

Tetrahedron [2]

Periodicity detection.

Reduced redundancy.

(A,G) > (CT); introducing

Integer [9] fér;glstatiérr]]zgl};refﬁ(r:?g)r:fsentatlon. So it s mathematical ~ properties  not
' present in DNA sequence.

Introducing mathematical

Real [12] A-T and C-G are complement. properties not present in DNA

sequence.

A-T and C-G are complex conjugate; reflecting

Introducing base bias in time

Complex [8] - [11] complementary feature of nucleotides, more . .
. - domain analysis.
accurate in gene prediction.
Quaternion [13] - [14] | Overcoming base bias. Working with DQFT only.
Reflecting DNA physico chemical property;

EIIP [18] - [19]

reducing computational overhead; improving gene
discrimination capability.

Failing to detect coding region in
some genomes.

Atomic number [20]

Reflecting DNA physico chemical property.

Requiring further exploration.

Paired Numeric [21] -

[22]

Reflecting DNA structural property; reduced
complexity and DFT processing; improved coding
region identification accuracy over other methods.

Requiring further exploration.

DNA walk [23] - [24]

Providing long range correlation information;
sequence periodicities; changes in nucleotide
composition; offering numerical and graphical
visualization.

Not suitable for lengthy sequences
(> 1000 bases).

Z-curve [25] - [26]

Clear  biological interpretation;  reduced
computation: independent its

Xp» ¥,» Zn COMpoNents; superior to sliding window
technique; offering numerical and graphical

visualization.

Not suitable for long
sequences

lengthy

Table 4: The five coding regions in Gene F56F11.4 and length of each exon using Voss, complex and EIIP mapping methods compared with that

obtained in NCBI.(Le: length of sequence)

Method Exonl region Exon2 region Exon3 region Exon4 region Exon5 region
(Le) (Le) (Le) (Le) (Le)
NCBI ranges 7947-8059 9548-9879 11134-11397 12485-12664 14275-14625
(112) (331) (263) (179) (350)
Voss mapping 7921-8021 9521-9821 11021-11221 12321-12521 14281-14621
(100) (300) (200) (200) (340)
Complex 7950-8156 9549-9878 11135-11398 12486-12665 14276-14626
mapping (207) (330) (264) (180) (351)
EIIP mapping 7821-8021 9521-9821 11021-11221 12421-12621 14221-14621
(200) (300) (200) (200) (400)

The above results show that the three numeric
representations all give approximately equivalent DFT-
based gene and exon prediction accuracy. In [4]
improvements in detection accuracy was gained
through the use of forward and backward sliding
window DFTs, at the cost of increased complexity
(paired number method). By comparison with the
paired numeric reveal improved DFT-based gene and
exon prediction with 75% less downstream processing.
Paired numeric is the most accurate representation for
this application, due to the fact that the approach
exploits a key statistical property (according to which
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introns are rich in nucleotides “A ” and “T ” whereas
exons are rich in nucleotides “ C“ and “ G*) for
discriminating between structures of the genomic
protein coding and non-coding regions.

V. Simulations and Results

The base sequences of Eucaryotes (cells with nucleus)
have a period-3 property. Such this periodicity is found
in the protein-coding regions of DNA (exons) and not
found in the introns. This periodicity because of the

1.J. Information Technology and Computer Science, 2012, 8, 22-36



Genomic Analysis and Classification of Exon and Intron Sequences 33
Using DNA Numerical Mapping Techniques

codon structure involved in the translation of base
sequences into amino acids. As indicated in the above
section to perform gene prediction based on the period-
3 property using STFT, the DNA sequence must be
mapped to numerical sequence as introduced in
previous sections. Some of these methods are effective
in classifying exons and introns sequences and the other
methods have their own applications. In order to
measure the precision of each method in classification
of intron and exons sequences. Discrete Fourier
transform (DFT) based approach is adopted to extract
the period-3 value of DNA sequences. Let a
numerically represented DNA sequence of one-
dimension methods is x(n) for n =1to N, so its finite-
length DFT sequence, X[k] for k = 1 to N, is defined
by [27].

N
X[K]= —— Z x(mWEDED,
W & N (31)
1<k<N

for

Using the windowing approach with a rectangular
window length of L bases and an overlap width of L-3
bases between two adjacent windows, the normalized
sum (Xt[k]) of the DFT spectrum (X,,[K]) of each of
the windowed sequences (x,,,(n)for m =1 to N,,) gives.

j2n
and Wy=e N

Ny
Xi[k= - X[kl @)
Win=1

The spectral content measure can be obtained by
taking the power spectrum of equation (32) as

S[k] = X [K]I? (33)

The period-3 spectral component ( P; ) can be
obtained from the spectral content measure of a
numerically represented sequence as

=SIN/3 +1] (349)

The statistics of the period-3 values determined from
a training set of exon sequences and intron sequences
can be used to classify an untrained sequence to be
either an exon sequence or an intron sequence. Let
meanP;, and sdP;, represent respectively the mean and
standard deviation of the period-3 values obtained from
the exon sequences of a training set; and meanPs; and
sdP;; represent respectively the mean and standard
deviation of the period-3 values obtained from the
intron sequences of the same training set, consequently,
the threshold value for classification is defined as [27];

sdP3.*meanPs; + sdP3;*meanPs, (35)

37 SdP3e+ SdP3i

Using (35), if a test sequence has a period-3 value P;;
greater than or equal T;, the test sequence is classified
as an exon sequence; otherwise it is classified as an

Copyright © 2012 MECS

intron sequence. By applying equations (31) to (35) on
the training and testing of all the one-dimension
numerical representation methods on a database of 50
to 300 base sequences downloaded from USCS
Assembly: Feb. 2009 (GRCh37/hg19) (Clade: Mammal,
Genome: Human, Assembly: Feb.2009 (GRCh37/hg19),
Group: Genes and Gene prediction Tracks, Track:
UCSC Genes, Table: knownGene) [28] - [31].
consists of (a) Exon: total 8000 sequences; sequences 1
to 6000 are used for training and sequences 6001 to
8000 are used for testing; and (b) Intron: total 8000
sequences; sequences 1 to 6000 are used for training
and sequences 6001 to 8000 are used for testing. The
Exon Classification (EXCLASS) and Intron
Classification (INCLASS) performances [32] of all the
eight numerical representation methods which given by
equations (36) to (38) with a window length of 15 bases
and an overlap window length of 12 bases are
summarized in Table 5.

NCEC

EXCLASS :m X 100 % (36)
— NCIC
INCLASS ~Intron number X 100 % (37)
.. _ NCEC+ NCIC
Precision = N X 100% (38)

Where, NCEC, NCIC and TEIN are the number of
correct exons and the number of correct introns
classifications and the total number of exons and
introns respectively.

From the above results, it can be deduced that the
paired numeric method achieves the highest precision
82.7624283 %, followed next by EIIP method
80.3867416 % , but the atomic number method
achieves the lowest precision 72.4309387% in
classifying numerically represented exon and intron

sequences that have not been trained.

V1. Conclusion

Choosing one of the numerical representation
techniques to be used in association with DSP depends
on a particular application. Primarily, fixed mapping
representation methods, such as the Voss or the
tetrahedron maps a DNA sequence onto four or three

numerical sequence, potentially introducing different
redundancy in each individual representation. The
arbitrary assignment of integer and real number to
DNA nucleotides does not necessarily reflect the
structure present in the original DNA sequence. The

quaternion approach requires further exploration.
The physico chemical property based mapping
techniques such as the EIIP mappings, the atomic
number, the paired numeric, the DNA walk, and the Z-
curve, in which each method exploits the structural
difference of protein coding and non coding regions,
facilitates the DSP-based gene and exon predictions.
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These methods contain less redundant and carry
biological interpretations. In particular, there are some
studies indicate that the Z-curve representation is robust
and computationally efficient for DNA sequence
analysis in which each of its x,,y, , z, components is

independent and generates a discrete signal that reflects
biological properties. Further improvements in gene
and exon prediction can be achieved by incorporating
more DNA structural properties in existing or new
DNA symbolic-to-numeric representations.

Table 5: Exon and intron classification performance by different methods

Threshold Classification
Method Representation \;(:ug Performance (%) Precision
Exon Intron
A=2,C=1,6=3T=0| 0109372 | 77.003486 | 82.718650 | 80.0000000
Integer [9]
A=0,C=1,6G=3T=2| 0090457 | 66.550521 | 84.615387 | 76.0221024
Real [12] A=15, (%::2?3 G=-05 | 0077127 | 75377464 | 71.022125 | 73.0939255
Complex [8] - [11] ‘2 :_1_+1,-_, f p __1 * j 0.140288 | 57.607433 | 88.198104 | 73.6464081
A=0.1260, C=0.1340,

EIIP [18] - [19] 00808 10133 | 0000033 | 81300811 | 79.557426 | 80.3867416
Atomic number [20] | A=70, C=58, G=78, T=66 | 4.470244 | 59.581882 | 84.088516 | 72.4309387
Paired NLE;“Z‘E]“C [211- | forT =1, CorG = —1 | 0.104576 | 72.357727 | 92.202316 | 82.7624283
DNAwalk [23] - [24] | CorT = 1, dorG = —1 | 0.0741001 | 68.989547 | 76.200832 | 72.8176804
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