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Exons and Introns Classification in Human and
Other Organisms

Benjamin Y. M. Kwan, Jennifer Y. Y. Kwan, and Hon Keung Kwan

Abstract—In the paper, the relative performances on spectral
classification of short exon and intron sequences of the human and
eleven model organisms is studied. In the simulations, all
combinations of sixteen one-sequence numerical representations, four
threshold values, and four window lengths are considered. Sequences
of 150-base length are chosen and for each organism, a total of
16,000 sequences are used for training and testing. Results indicate
that an appropriate combination of one-sequence numerical
representation, threshold value, and window length is essential for
arriving at top spectral classification results. For fixed-length
sequences, the precisions on exon and intron classification obtained
for different organisms are not the same because of their genomic
differences. In general, precision increases as sequence length
increases.
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1. INTRODUCTION

NALYSIS of DNA sequences requires the conversion of a

base sequence to a numerical sequence. The choice of the
numerical representation of a DNA sequence affects how well
its biological properties can be reflected in the numerical
domain for the detection of special regions of interest. In the
numerical representation of DNA sequences, each nucleotide
of a DNA sequence is converted to a numerical value through
a mapping function which enables numerical analysis using
digital signal processing (DSP) techniques to facilitate
identification of hidden periodicities and features, and
revealing genome structures [1]. Genome annotation is a
process of identifying the locations of the coding regions and
genes in a genome and determining their functions. Genome
sequencing generates DNA sequences, which in their raw form
has no annotation [2]. Some methods focus on sequence
similarity or motif matching to known genes in genome
annotation. There is a need for other complementary or even
more effective approaches to determine if a DNA sequence has
a potential to harbour genes. It is known that exons (or coding
regions) are rich in nucleotides C and G whereas introns (or
noncoding regions) are rich in nucleotides A and T;
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and that protein coding regions of DNA sequences exhibit a
period-3 property which is likely resulted from the three-base-
length of codons used to generate amino acids. This period-3
property is relatively less apparent in sequences other than
exons and could therefore be used to detect exons, and to
distinguish exon regions from intron regions in genome
annotation [1]. Consequently, identification of the period-3
regions of a DNA sequence helps predict possible gene
locations. In general, classification of short exon and intron
sequences is more challenging than that of longer sequences.
In this paper, one-sequence numerical representations,
thresholding, and windowing are applied to evaluate their
performances in classifying short exon and intron sequences of
the genomes of the human and other organisms based on their
computed discrete Fourier transform (DFT) period-3 values.

This paper is organized as follows: Section II describes
sixteen numerical representations used in this paper. In Section
II1, the DFT-based period-3 value of a numerically represented
DNA sequence is derived and four threshold values are
specified for classifying exon and intron sequences. In Section
1V, the database and parameters used in simulations and the
classification results are described. Finally, conclusions are
given in Section V.

II. NUMERICAL REPRESENTATION

There are a variety of numerical representations of DNA
sequences. In this paper, the focus is on simple and direct
numerical representations which possess the following
characteristics: (a) single sequence and compact mapping; (b)
fixed magnitude mapping for each nucleotide; and (c)
accessibility to DSP analysis. A list of sixteen one-sequence
numerical representations obtained from [1] satisfying the
above characteristics is shown in Table I.

The Integer Number representation [3] can be obtained by
mapping numerals {1, 3, 2, 0} respectively to the four
nucleotides as C=1, G =3, A =2, T = 0. The Single Galois
Indicator representation maps the CGAT nucleotides to a
Galois field of four GF(4) [4] which is formed by assigning the
numerical values to the nucleotides C=1,G=3,A=0,T=2
in a DNA sequence. This representation suggests that C < G
and A < T. In the Paired Nucleotide Atomic Number
representation [5], the paired nucleotides are assigned with the
atomic numbers G, A = 62 and C, T = 42 respectively. In the
Atomic Number representation [S5], a numerical sequence is
formed by assigning the atomic number of each nucleotide as
C=58, G=78 A=70,T =66 in a DNA sequence. The
Molecular Mass representation [6] of a DNA sequence is
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formed by mapping the four nucleotides to their molecular
masses as C = 110, G = 150, A = 134, T = 125, respectively.

The Electron-Ion Interaction Pseudo-potential (EIIP)
represents the distribution of the free electrons’ energies along
a DNA sequence. In the EIIP representation, a single EIIP
indicator sequence [7] is formed by substituting the EIIP of the
nucleotides as C = 0.1340, G = 0.0806, A = 0.1260, T =
0.1335 in a DNA sequence. In the Paired Numeric
representation [4], nucleotides are paired in a complementary
manner and values of -1 and +1 are used to denote,
respectively, C-G and A-T nucleotide pairs. In the Real
Number representation [8], the nucleotide mappings are C =
0.5,G=-0.5,A=-1.5, T = 1.5, in which each of the C-G and
A-T pairs bears complementary property. The Complex
Number representation [9] reflects the complementary nature
of C-G and A-T pairs by mapping nucleotides as C =-1-j, G =
-14j, A = 14j, T = 1-j in which each of the C-G and A-T pairs
is symmetrical with respect to the real axis. Seven other
numerical representations introduced in [1] are listed as Codes
10-16 in Table L.

II1.

Given a numerical represented DNA sequence, X[#n] for n=1
to N, its finite-length DFT sequence, X[k] for k = 1 to N, is
defined by

SPECTRAL ANALYSIS
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Using the windowing approach with a rectangular window
length of L bases and a right-shift of L-3 bases between two
adjacent windows, the normalized sum (X7k]) of the DFT
spectrum (X, [k]) of each of the windowed sequences (X,,[r]
form =1 to N,) gives

XT[k]:NLXXm[k] @

w m=1

The spectral content measure can be obtained by taking the
normalized power spectrum of (2) as

S, k] =%|Xr[k]|2 3)

The finite-length DFT of a numerical represented DNA
sequence exhibits a peak at the frequency k = N/3
(corresponding to 2m/3 in the DFT frequency range) called the
period-3 property. Therefore, the spectral content measure can
be used to detect and identify the period-3 value (P;) in the
spectral domain of a numerical representation as

P,=S,[N/3+1] (4)
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The statistics of the period-3 values determined from a
training set of exon sequences and intron sequences can be
used to classify a given 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
meanP; and sdP; represent respectively the mean and
standard deviation of the period-3 values obtained from the
intron sequences of the same training set, we define [1] a mid
threshold value (7,,) and a proportional threshold value (7},) as

_ (meanP,; + meanP,,) + (stdP,, — stdP,,)
2

T

m

)

_ sdP,, * meanP,; + sdP,, * meanP,,
sdP,, + sdP,

T (6)

p

Besides (5)-(6), the cross-over point of the cumulative
distribution of all the exon period-3 values, F(Ps.), and the
complementary cumulative distribution of all the intron
period-3 values, F.(Ps;), of a set of exon and intron training
sequences [10] can be used to determine a threshold value. We
define [1] a cumulative distribution threshold value (7) as

T, =Period-3 value at minimum |F(P,)— F.(P,)| (7

In [10], a fixed threshold value 7, of 4 has been proposed
which will also be used in the present study. For each of the
above four cases, if a test sequence has a period-3 value Pj,
greater than or equal to each respective threshold value (7,
T,, T., T,), the test sequence is classified as an exon sequence;
otherwise it is classified as an intron sequence.

IV. SIMULATIONS AND RESULTS

The genomes of the human and eleven model organisms
downloaded from the UCSC Assembly [11]-[14] were used in
the simulations. The downloaded genome of each organism
consists of different numbers of exon and intron sequences
with values summarized in Table II. For each organism, 6000
exon sequences and 6000 intron sequences were used for
training and 2000 exon sequences and 2000 intron sequences
were used for testing. Therefore, a total of 8000 exon
sequences and 8000 intron sequences were used for training
and testing. To evaluate the relative performances of each
combination of the Codes 1-16, the four threshold values (7,
T,, T., T,), and four values of window length (WL) L equal to
9, 15, 24, and 150 bases, each genome of the twelve organisms
was trained and tested with identical sequence length (SL) of
150 bases and a right-shift window length of L-3 bases
between two adjacent windows. The precision defined in (8) is
used to measure the classification performance.



World Academy of Science, Engineering and Technology 60 2011

exon classification+intron classification

precision = x100 (8)

exon number+intron number

In the numerator of (8), the exon (or intron) classification
denotes the number of correct exon (or intron) classification.
For the twelve organisms, Fig. 1 plots precision (in percentage;
Fig. 1, top) and the corresponding code index (from 1 to 16;
Fig. 1, bottom). Fig. 2 plots WL index (from 1 to 4; Fig. 2,
top), threshold value (Fig. 2, middle), and threshold index
(from 1 to 4; Fig. 2, bottom) of top classifications obtained. In
each of the two sub-plots of Fig. 1, the four color-bars of each
organism represent four precision values (top sub-plot) and
four code indexes (from 1 to 16; bottom sub-plot) correspond
respectively to the four thresholds 7,, (dark blue), 7, (light
blue), T, (yellow), and T, (red). Same notations apply to the
top sub-plot of WL index (from 1 to 4) and the middle sub-
plot (four threshold values) in Fig. 2. The bottom sub-plot of
Fig. 2 represents the threshold index (from 1 to 4) of the top
classification for each organism. The top classification results
shown in Figs. 1-2 can be summarized in Table III which
indicate that the Code 13 (the K-Quaternary Code I) achieves
top classifications in 10 organisms and ranks second for
classification performances in the organisms 4 and 11. A
window length of 150 bases appears to be an appropriate
choice for short sequences of length 150 bases. The threshold
values 7, and T, exhibit close performances and can often
yield top classifications. The precision performances obtained
are attractive in view of only relatively short 150-base
sequences were used.

V. CONCLUSION

In this paper, the relative performances of the Codes 1-16
and the four threshold values, and the effect of four window
lengths on spectral classification of short exon and intron
sequences of twelve organisms have been presented. For short
sequences of 150-base length, the simulations have shown that
top spectral classification results can often be obtained using a
combination of the Code 13 (the K-Quaternary Code I), the
threshold value 7, (or T;), and a window length of 150 bases.
In general, classification precision increases as sequence
length increases. The work described in this paper offers
spectral information to aid identification of potential gene
regions which could enhance the effectiveness of some
annotation programs such as JIGSAW [15]. Another potential
use of the work is in mapping reads (short DNA sequences)
generated by next generation sequencing in which enormous
short DNA sequences are generated. By being able to classify
a read as either being a potential coding region or noncoding
region, one can then narrow down possible genomic regions a
sequence may belong to and thus aid genomic mapping [16].
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TABLE I
LIST OF SIXTEEN NUMERICAL REPRESENTATIONS [1]

Name C G A T
1 | Integer Number 1 3 2 0
2 | Single Galois Indicator 1 3 0 2
s |feeie |y | @ | @ |«
4 | Atomic Number 58 78 70 66
5 | Molecular Mass 110 150 134 125
6 | EIIP 0.1340|0.0806 | 0.1260 | 0.1335
7 | Paired Numeric -1 -1 1 1
8 | Real Number 0.5 -0.5 -1.5 1.5
9 | Complex Number -1+ -145 1+ 1-j
10 | K-Twin-Pair Code -1 -1 J J
11 | K-Bipolar-Pair Code I -1 1 J -
12 | K-Bipolar-Pair Code II -1 1 - J
13 | K-Quaternary Code I -1 - 1 J
14 | K-Quaternary Code II -1 - J 1
15 | K-Quaternary Code III -j -1 1 J
16 | K-Quaternary Code IV -j -1 J 1

TABLE I

UCSC GENOMES OF 12 ORGANISMS
(OG: ORGANISM; NUMBER: NUMBER OF SEQUENCES)

OG | Clade Genome Type | Number
Exon | 195133
1 |Mammal | Human
Intron | 91529
Exon 91756
2 |Mammal | Gorilla
Intron | 92315
Exon 71833
3 |Mammal |Panda
Intron | 134835
Exon 61145
4 | Vertebrate | Lizard
Intron | 105229
Exon 84691
5 | Vertebrate | Tetraodon
Intron | 106455
Exon 23631
6 | Vertebrate | X. tropicalis
Intron | 64458
Exon 37304
7 | Insect A. gambiae
Intron | 16599
Exon | 239418
8 | Insect D. sechellia
Intron | 140870
Exon | 229293
9 |Insect D. yakuba
Intron | 11669
Exon 19020
10 | Nematode | C. brenneri
Intron | 23511
Exon | 160061
11 | Nematode | C. briggsae
Intron | 78282
Exon 32824
12 | Nematode | P. pacificus
Intron | 212043
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TABLE III
TOP CLASSIFICATIONS OF 12 ORGANISMS
(OG: ORGANISM; WL: WINDOW LENGTH IN BASES)

OG | Code | WL | Threshold | Precision (%)
1 13 | 150 T, 75.8500
2 | 13 [150 T, 75.1512
3| 13 [150 T. 78.5534
4 6 |15 T, 72.7888
4 | 13 |150 T. 72.6134
5] 13 | 150 T, 82.8405
6 | 13 [150 T, 74.0759
7| 13 [150 T. 73.0671
8 | 13 | 150 T. 78.0427
9 | 13 | 24 7, 78.4008
100 13 ]9 T. 69.7872
11 1 |150 T. 69.7966
11| 13 |150 T, 68.8677
12 | 13 |150 T. 80.8291

Codes 1 to 16, Wimner(Tm,Tp,TD,Ta)

1 2 3 4 5 ] 7 8 g 10 11 12
Organisms 1 1012

. 1 Precision (top) and code index (bottom) of top classifications

of 12 organisms
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Fig. 2 WL index (top), threshold value (middle), and threshold index

(bottom) of top classifications of 12 organisms





