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Abstract—An important topic in genomic sequence analysis is the identification of protein coding regions. In this context, several
coding DNA model-independent methods based on the occurrence of specific patterns of nucleotides at coding regions have been
proposed. Nonetheless, these methods have not been completely suitable due to their dependence on an empirically predefined
window length required for a local analysis of a DNA region. We introduce a method based on a modified Gabor-wavelet transform
(MGWT) for the identification of protein coding regions. This novel transform is tuned to analyze periodic signal components and
presents the advantage of being independent of the window length. We compared the performance of the MGWT with other methods
by using eukaryote data sets. The results show that MGWT outperforms all assessed model-independent methods with respect to
identification accuracy. These results indicate that the source of at least part of the identification errors produced by the previous
methods is the fixed working scale. The new method not only avoids this source of errors but also makes a tool available for detailed
exploration of the nucleotide occurrence.

Index Terms—Sequence analysis, wavelet transform, coding regions, signal processing, pattern recognition.
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1 INTRODUCTION

RECENT advances in bioinformatics and genomic signal
processing have generated much interest due to the

integration of theory and methods of signal processing with
the global understanding of the functional genomics of
organisms [1], [2]. When a new organism is sequenced, it is
desirable to obtain as much information as possible about it.
A fundamental stage is the identification of protein coding
regions in DNA sequences [3], [4]. The methods for
identification of coding regions described in the literature
may be grouped in different ways. Blanco and Guigó divide
the different methods into three approaches [5]: search by
content, search by signal (also referred as search by site),
and search by similarity. See also [6] for a similar taxonomy.
Search by content refers to methods that search for DNA
segments with specific properties like the frequency of
nucleotides, the composition of nucleotides with abundant
G/C or A/T, codons composition, and CpG islands. On the
other hand, search-by-signal and search-by-similarity ap-
proaches refer to methods that are based on a previously
known database that is used to train a supervised classifier
like Markov chains, for instance [7]. Guigó [8] suggested a
slightly different taxonomy for these methods, dividing them
into model-dependent and model-independent methods.

Model-dependent methods are built upon some a priori
information usually available from databases of pre-
viously known organisms’ genomic information. Model-
independent methods do not assume such a priori
information. These differences explain why gene finding
programs are typically based on combinations of such
techniques: model-dependent methods tend to be more
precise because they count on a priori information to train
the classifiers [8]. Nevertheless, sequenced organisms may
have coding regions that are not represented on the
available databases. In such situations, model-independent
methods complement the program capabilities to detect the
coding regions. This paper introduces a new model-
independent method based on the detection of periodic
regions, as described in the following.

In DNA sequences, the protein coding regions typically
show a periodic organization of three bases, which is not
found in other regions such as intergenic and introns in
eukaryotes. This characteristic has been analyzed in recent
years in order to investigate its cause [9], [10] and to
quantify it [11], [12]. In the literature, this imperfect
periodicity is commonly called the three-base periodicity
(TBP), which has been observed in a similar way for
dinucleotides in bacterium chromosomes [13]. TBP reflects
relations between nucleotide positions in the coding regions
[9]. The periodicity of approximately 10 or 11 base pairs has
been found in intergenic regions of E. coli, suggesting that
this is a typical property of these regions, possibly for
transcription regulation [14].

Several model-independent methods of coding regions
identification are based on the three-base periodic correla-
tion between nucleotide positions. New computational
methods that combine digital signal processing (DSP) and
pattern recognition have been proposed [15], [16], [17]. The
identification of protein coding regions based on the Fourier
spectrum is discussed in [11], [18], [19], [20]. Kotlar and

198 IEEE/ACM TRANSACTIONS ON COMPUTATIONAL BIOLOGY AND BIOINFORMATICS, VOL. 5, NO. 2, APRIL-JUNE 2008

. J.P. Mena-Chalco, Y. Zana, and R.M. Cesar Jr. are with the Departamento
de Ciencia da Computac‚a�o, Instituto de Matema·tica e Estat�·stica da
Universidade de Sa�o Paulo, Sa�o Paulo (IME-USP), Rua do Mata�o, 1010,
Cidade Universita·ria, Sa�o Paulo, SP, Brasil, CEP 05508-090.
E-mail: {jmena, zana, cesar}@vision.ime.usp.br.

. H. Carrer is with the Departamento de Ciencia Biologicas, Escola de
Agricultura Luiz de Queiroz da Universidade de Sa�o Paulo (ESALQ-
USP), Av. Padua Dias 11, Piracicaba, SP, Brasil, CEP 13418-900.
E-mail: hecarrer@esalq.usp.br.

Manuscript received 19 Apr. 2007; revised 13 Sept. 2007; accepted 5 Oct.
2007; published online 15 Oct. 2007.
For information on obtaining reprints of this article, please send e-mail to:
tcbb@computer.org, and reference IEEECS Log Number TCBB-2007-04-0047.
Digital Object Identifier no. 10.1109/TCBB.2007.70259.

1545-5963/08/$25.00 � 2008 IEEE Published by the IEEE CS, CI, and EMB Societies & the ACM

Authorized licensed use limited to: UNIVERSIDADE DE SAO PAULO. Downloaded on March 24, 2009 at 14:08 from IEEE Xplore.  Restrictions apply.



Lavner explored the spectral rotation [21], while Datta and
Asif used the Fourier spectral characteristics [22], and
Vaidyanathan and Yoon used digital filters to solve the
same problem of coding region identification [23]. Such
approaches have a strong mathematical basis and efficient
algorithms.

Other model-independent methods have been success-
fully used to identify coding regions. For example, Konopka
analyzed sequences using the periodic asymmetry index
[24], while Fickett and Tung used position asymmetry [25]
and Grosse et al. explored the average mutual information
as a measure related to entropy in DNA sequences [26].
However, the accuracy of these methods is limited due to
the requirement of defining an a priori length of the
analyzing window. The definition of the window length to
be used in the analysis of DNA sequences directly affects the
results [27]. Therefore, aiming at reducing this dependence,
alternative methods that explore different window lengths
such as the wavelet transform have appeared [28], [29].

A natural way of analyzing DNA sequences by taking
advantage of multiscale approaches consists of using small
scales to analyze small protein coding regions while using
large scales for large regions. Traditional time-scale trans-
forms like the wavelet transform would seem to be a natural
tool to be applied in such situations. Nevertheless, wavelet
analysis is not completely suitable in this case since the
frequency of the analyzing function varies with the scale
parameter, while coding regions with TBP present the same
frequency content at different scales. This present study
introduces a new transform that is capable of analyzing the
presence of a specific frequency (or periodicity) in a DNA
sequence at a continuously varying scale.

The remainder of this paper is organized as follows:
Section 2 presents the definition of the modified Gabor-
wavelet transform (MGWT). Section 3 describes 1) the test
data sets used in the experiments, 2) a method for solving
the identification of coding regions by using the MGWT,
and 3) the performance assessment measures. Section 4
presents the experimental results and a comparative
assessment of the proposed method with alternative
algorithms described in the literature. The concluding
remarks are presented in Section 5.

2 MODIFIED GABOR-WAVELET TRANSFORM

A multiscale transform of a signal u may be defined as

Uðb; aÞ …
Z
uðxÞ ðx; b; aÞdx; ð1Þ

where a > 0 is the scale parameter, b is the time (or position)
parameter, and  denotes the analyzing function.

Different analyzing functions may be adopted with this
general transform. In particular, the analyzing function of
the short-time Fourier transform (STFT) using a Gaussian
window (also known as Gabor transform) is defined as [30]:

 STFT ðx; b; aÞ … e�ðx�bÞ2
2 ejaðx�bÞ; ð2Þ

where j …
�������
�1

p
. The analyzing function in the wavelet

transform using a Gabor wavelet (also called a Morlet
wavelet) is defined as [31]:

 GWT ðx; b; aÞ … e�
x�b
að Þ2

2 ej!0
x�b
að Þ; ð3Þ

where !0 is the basic frequency of  GWT . The Gabor and the
Gabor-wavelet transforms are commonly adopted to per-
form local frequency analysis because they are well
localized in the time and frequency domains.

The Gabor and Gabor-wavelet transforms analyze
signals at different frequencies and scales but in a
dependent way, i.e., the frequency content range depends
on the working scale. This is not desirable for DNA analysis
as the coding regions are characterized by a fixed
periodicity (i.e., the TBP) that may occur at different scales.
Neither of these transforms is suitable for such task. Figs. 1a
and 1b show the differences between the analyzing
functions used in the Gabor and Gabor-wavelet transform
where the complex exponential frequency is varied as an
intrinsic property of the respective transform itself.

We define a modification of the Gabor-wavelet function
for analyzing a signal in a specific frequency and multiple
scales. Equation (3) is modified so that the scale parameter a
is used to keep the complex exponential frequency constant
while varying the Gaussian standard deviation (i.e., the
scale a):

 MGWTðx; b; aÞ … e�ðx�bÞ2

2a2 ej!0ðx�bÞ: ð4Þ

Therefore, the MGWT is defined as a function of b and a as

Uðb; aÞ …
Z
uðxÞe�ðx�bÞ2

2a2 ej!0ðx�bÞdx: ð5Þ

Fig. 1 illustrates the differences among the analyzing
functions used in the STFT, the Gabor-wavelet transform,
and the MGWT.

MENA-CHALCO ET AL.: IDENTIFICATION OF PROTEIN CODING REGIONS USING THE MODIFIED GABOR-WAVELET TRANSFORM 199

Fig. 1. Analyzing functions used in (a) the STFT (Gaussian window),
where the complex exponential frequency is varied while the Gaussian
standard deviation is kept constant, (b) Gabor-wavelet transform, where
the Gaussian standard deviation is varied, as well as the complex
exponential frequency, and (c) MGWT, where the Gaussian standard
deviation is varied, while the complex exponential frequency is kept
constant. The dashed lines represent the Gaussian envelope of each
analyzing function.
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3 MATERIALS AND METHODS

3.1 Data Resources
We focused our study on the analysis of DNA sequences of
eukaryotics that has been particularly studied in the context
of coding regions identification. For a detailed analysis, we
used the sequence F56F11.4 of C. elegans of 8,000 bp, which
contains five coding exons in positions 928-1039, 2528-2857,
4114-4377, 5465-5644, and 7255-7605 (GenBank access
number AF099922 and positions 7021-15020).

In this work, three benchmark data sets have been
considered. BG570 is a genomic test data set of 570 single-
gene vertebrate sequences assembled by Burset and Guigó
[32]. HMR195 is a data set of 195 single-gene human, mouse,
and rat sequences from [33]. Asp67 is a data set of 67 multiple-
gene sequences of Aspergillus fumigatus, which are part of the
TIGR data set (http://www.tigr.org/software/traindata.
shtml). The Appendix gives summary statistics for the
three data sets.

The data sets are used to perform an experiment of
identification of coding regions by using all complete
sequences. Furthermore, an additional experiment of
classification of coding sequences has been carried out.
For the classification experiment, together with the genomic
annotations, we extracted all exons and introns with lengths
larger than or equal to 100 bp from the BG570 data set. A set
was thus created containing 1,768 exons and 1,844 introns.

Finally, a comparison experiment that also includes a
model-dependent method has been carried out by using
date from the human �-globin region on chromosome 11
(GenBank entry HUMHBB and positions 62001-64000). This
sequence contains three coding regions located at relative
positions of 187-278, 409-631, and 1482-1610.

3.2 Identification of Protein Coding Regions
We propose an MGWT-based method for identification of
coding regions on a given DNA sequence (see Fig. 2). The
method has four steps:

1. numerical mapping of the DNA sequence to four
binary sequences,

2. applying the MGWT to each binary sequence,
3. projecting the sequences spectra onto the position

axis, and
4. thresholding the projection coefficients for location

of the edges among coding regions.
These steps are described next.

3.2.1 Numerical Mapping of Nucleotides
We use a fixed binary mapping for creating four binary
sequences, with each one representing the positions of the
adenine (A), cytosine (C), guanine, (G), and thymine (T) bases
in the DNA sequence. These are also known as indicator
sequences as they indicate the relative position of each
nucleotide in the genome [34]. The use of other fixed binary
mapping, e.g., as based on hydrogen bond energy [35], does
not produce relevant information in our approach because
the TBP is lost. Further information regarding numerical
mapping schemes is provided by Chakravarthy et al. [36].

Considering a given DNA sequence s, we denote by uA,
uC , uG, and uT the binary sequences associated with A, C, G,
and T nucleotides, respectively. This redundant binary
representation is preferred because it does not depend on
any particularly adopted labeling and no relevant harmonic
structure of biological meaning is hidden or exposed [37].

3.2.2 Application of the MGWT
The MGWT is applied to all binary sequences. The
corresponding transforms are calculated for different scales
a and constant frequency !0. Let N be the length of each
sequence. The definition of !0 … N=3 implies that the
angular frequency of  MGWT (4) is a multiple of three. The
transform for each binary sequence uA, uC , uG, and uT is
given by

UAðb; aÞ …
Z
uAðxÞ MGWTðx; b; aÞdx; ð6Þ

UCðb; aÞ …
Z
uCðxÞ MGWTðx; b; aÞdx; ð7Þ

UGðb; aÞ …
Z
uGðxÞ MGWT ðx; b; aÞdx; ð8Þ

UT ðb; aÞ …
Z
uT ðxÞ MGWTðx; b; aÞdx; ð9Þ

where b is the position along the DNA sequence and a is the
scale parameter.

The resulting MGWTs represent measures of similarity
to the TBP of each nucleotide. These transforms may thus be
applied for the analysis of DNA sequences by using
different scales. We define the spectrum of each binary
sequence as the squared complex modulus of their MGWT
coefficients, that is,

mAðb; aÞ … UAðb; aÞj j2; ð10Þ

mCðb; aÞ … UCðb; aÞj j2; ð11Þ

mGðb; aÞ … UGðb; aÞj j2; ð12Þ

mT ðb; aÞ … UT ðb; aÞj j2: ð13Þ

The total spectrum, which combines the contributions of all
transforms, is the sum of the spectra of the four binary
sequences:

Mðb; aÞ … mAðb; aÞ þmCðb; aÞ þmGðb; aÞ þmT ðb; aÞ: ð14Þ
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Fig. 2. Schematic data flow diagram of the method (dotted lines) for
identification of protein coding regions by using the MGWT. Each block
(solid lines) represents a process, while each arrow represents the
information flow between processes.
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Once the DNA sequence is represented by its multiscale
spectrum, different approaches can be used in order to
extract useful information [30]. It is important to note that
the binary mapping used in this work represents the
nucleotides by four independent sequences. The total
spectrum is a measure that eliminates this independency,
thus representing the possible TBP values for all nucleotides
in the sequence.

3.2.3 Projection of the Spectra
The total spectrum of all transforms (14) is projected onto
the position axis in order to detect possible coding regions,
which should correspond to local maxima regions of the
projection.

These projection coefficients take advantage of the
redundant information calculated in the application of the
MGWT by using different scales, i.e., the sequences are
analyzed from small to large scales. Therefore, the projec-
tion coefficients of regions where the TBP is present show
higher responses, thus allowing the identification of coding
regions.

Given a sequence of length N , the projection of the
coefficients onto the position axis is defined as a function of b:

MpðbÞ …
X

a
Mðb; aÞ; b … 0; . . . ; N � 1: ð15Þ

The projection of the spectra onto the scale axis reveals
which scales carry more signal energy throughout the
positions, which is defined as a function of a:

MsðaÞ …
XN

b…1
Mðb; aÞ: ð16Þ

This projection is related to the conventional Fourier
transform since the position information is lost. High values
of this projection are associated with the scale (i.e., length)
of the detected coding regions.

3.2.4 Thresholding the Projection Coefficients
As mentioned in the previous section, coding regions are
detected as local maxima regions of the projection (15). A
natural way of locating the boundaries of coding regions is
then by incorporating a thresholding operation on the
projection coefficients. Thresholding Mp allows us to
exclude low-value coefficients, i.e., the t percent smaller
coefficients are set to zero, where t is the a priori threshold.
In general, regions with weak or no TBP present low
coefficient values. Thus, the remaining coefficients are used
to identify the protein coding regions.

It is important to note that the described method has a
computational complexity of Oðn lognÞ if the application of
the MGWT to all binary sequences is performed using the
FFT. This approach represents an important speedup for
larger sequences. On the other hand, the required amount
of memory linearly depends on the analyzed sequence size.

3.3 Performance Assessment
For comparison with previous methods, the identification
performance was evaluated by measures of sensitivity (Sn),
specificity (Sp), approximate correlation (AC), and correla-
tion coefficient (CC). Performance at the nucleotide level was

measured in terms of the true-positive, true-negative, false-
negative, and false-positive counts. In this work, we used the
AC as a measure of overall identification accuracy. These
measurements are commonly used to assess the results of the
computational identification of coding regions [32].

In addition to the method of identification described
above, the classification of DNA sequences as coding or
noncoding can be performed using the values of projections
onto the scale axis (16). We defined a global measure for
recognizing a coding sequence as the sum of projections
onto the scale axis, normalized by the number of bases of
the sequence, i.e., 1

N
P

a MsðaÞ.
For validation of the classification of sequences, we

adopted the receiver operating characteristic (ROC), an
effective procedure of evaluating of classifiers [38]. The
ROC curve is commonly defined as a plot of the true-
positive rate as a function of the false-positive rate for all
possible thresholds on the distribution of values obtained in
the classification.

4 RESULTS AND DISCUSSION

The proposed method was compared experimentally to
three previously published approaches: the average mutual
information [26], the Fourier spectrum (spectral content)
[11], [39], and the Fourier spectrum characteristics [22]. We
chose these three methods for comparison since they are
model independent and are representative of sliding
window approaches.

In the case of MGWT, 40 analyzing functions correspond-
ing to 40 scale values exponentially separated between 0.2
and 0.7 were used. For practical purposes, the length of these
functions was truncated to 1,200 sequence points.

In order to set up the general form of comparison, we
used threshold percentiles within the interval (1, 99) on the
measures of considered methods for the identification of
probable coding regions. Thus, the Sn, Sp, AC, and
CC calculations were obtained under the same conditions
at different threshold values.

We analyzed the F56F11.4 sequence of C. elegans and the
resulting spectrogram (14) is shown in Fig. 3a. This figure
represents the total spectrum, i.e., the sum of all spectrum
values of the binary sequences. Fig. 3b represents the
projections onto the position axis of the spectrum values.
Figs. 3c, 3d, and 3e show the measures obtained with the
average mutual information, Fourier spectrum, and Fourier
spectral characteristics methods, respectively. A window
length of 351 bp and a rectangular window step of 1 bp
were adopted.

The peaks of the plots correspond to regions where the
TBP is present. Clearly, the coefficients depend on the
window length and on the interval of scales. In this
experiment, the length of the window is the same as in
[19], [20], [22] for the analysis of DNA sequences. The
intrinsic multiscale analysis in the method using the MGWT
provides a robust variation of scales. It is interesting to note
that the first coding region of 112 bp along the positions
928-1,039 has a weak TBP. Thus, any method based
exclusively on search for TBP and the same scales will not
be able to identify it. The remaining four coding regions
present high TBP. It is also apparent that the last exon does
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not present continuous periodicity of three bases (two
subregions of this exon have high TBP). This is the reason
that the other methods do not identify it.

Table 1 and Figs. 3f and 3g show the Sn, Sp, AC, and CC
of the considered methods. Using a threshold value of
85 percent and the MGWT, a maximum Sp of 0.9 at an Sn of
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Fig. 3. Results of the identification of coding regions on the F56F11.4 sequence of 8,000 bp. Using the modified Gabor-wavelet, we have (a) the total
spectrogram of the sequence where the high spectrum values are represented in hot colors and (b) projections of the transform coefficients. Using a
window length of 351 bp and a window step of 1 bp, we have (c) the average mutual information, (d) the Fourier spectrum, and (e) the Fourier
spectral characteristics. (f) Performance in terms of Sn and Sp. (g) Percent threshold value and AC. The abscissa axis indicates the relative base
position of nucleotides on the DNA sequence in (a)-(e) and the ordinate axis is the scale values in (a) and the score values using the different
methods in (b)-(e). The shadowed regions denote the relative physical position of the true coding regions.
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0.88 and an accuracy of 0.87 were obtained. Using the
average mutual information, Fourier spectrum, and Fourier
spectral characteristics, maximum accuracies of 0.71, 0.72,
and 0.66 were obtained, respectively.

We applied and compared the methods using the
sequences of the data set BG570. Table 2 shows the
performance measures calculated for this data set, using
rectangular windows of lengths 60, 120, 180, 240, 300, 360,
420, and 480 bp and, a window step of 1 bp.1

The best performance was obtained with the MGWT-
based method. With larger coding regions, the identification
accuracy is improved even further. When the length of the
coding region is much smaller, the method based on fixed-
length windows does not perform well (for more details,
see the supplementary information, which can be found on
the Computer Society Digital Library at http://doi.ieee
computersociety.org/10.1109/TCBB.2007.70259). This ex-
periment is important,for it shows the limitation of fixed-
length window methods, i.e., their performance directly
depends on correctly choosing the window length. The
MGWT approach is much more robust in this context.
Similar results are shown in Tables 3 and 4, corresponding
to the HMR195 and Asp67 data sets, respectively.

An additional classification experiment was designed
to assess the introduced methodology. Fig. 4 depicts the
ROC curves of the different considered methods by using
1,768 coding sequences and 1,844 noncoding sequences,
both larger than or equal to 100 bp, and were extracted
from the BG570 data set.

It can be observed that all methods perform well (area
under the ROC curve (AUC) > 0.93) in the classification of
sequences. The method based on MGWT presents a better
performance on classification ðAUC … 0:96007Þ. The perfor-
mance of the method based on mutual information is
slightly lower ðAUC … 0:95029Þ than the one based on
MGWT. The methods based on Fourier spectrum and
Fourier spectral characteristics show comparable perfor-
mance (AUCs of 0.93683 and 0.93513, respectively). Larger
coding sequences result in higher classification perfor-
mance in all DNA coding model-independent methods.

An important issue regarding the different approaches
for the detection of coding regions is how model-indepen-
dent methods compare to model-dependent methods. As
mentioned in Section 1, model-dependent methods may
present superior recognition performance because they
explore available a priori information [8]. The main

limitation of such approaches arises whenever a coding
region is not represented in the database. In such situations,
model-independent methods are used in a complementary
way. This situation is analogous to the supervised and
unsupervised classifiers in pattern recognition [30]. A
comparative experiment has been carried out by using
model-dependent and model-independent methods and is
reported as follows: Gao and Zhang studied the Z-curve
method for recognizing exons in human DNA sequences
[40]. This is a coding statistics-based method that computes
measures based on probability, which capture more of the
specific characteristics of coding DNA [3], [41]. This type of
method has to be trained with representative samples of
coding DNA from the species or genomes under considera-
tion. It is thus a model-dependent method. Comparative
experiments to analyze the human �-globin region on
chromosome 11 (GenBank entry HUMHBB and positions
62,001-64,000) are reported in [40], showing that the Z curve
presented superior performance over standard model-
dependent methods such as Markov chains and hexamer
counts. Similarly, Guigó analyzed the same sequence by
using other model-dependent methods (codon usage,
amino acid usage, hexamer usage, codon preference, codon
prototype, and the first, second, and fifth-order Markov
models) [8].

We have applied the methods discussed in this paper
to analyze the same aforementioned sequence. In [40], the
Z-curve method with 45 parameters, a training set of
4,000 coding and noncoding sequences, a window size of
120 bp, and a window step of 10 bp was adopted. The
MGWT-based method used the same configuration for all
of the above-described experiments. The other methods
used a sliding window of 120 bp and steps of 1 bp. The
obtained results are reported in Table 5. The method based
on MGWT presents a better performance than the model-
independent methods, but achieved a slightly lower
performance when compared to the Z-curve method.

Nevertheless, it is worth noting that, even in the absence
of a priori information, MGWT presents a comparable
visual performance with respect to the Z curve (see Fig. 5).
Note the short intron between the first and second exons, in
particular, which is a difficult case for any method.

The MGWT-based method does not require any addi-
tional biological information to be used on DNA sequences
and no training genomic data set is needed for identification
of coding regions. Therefore, it may be used in the absence
of previous knowledge on the species under analysis, which
is particularly well suited to the analysis of novel genomes.
For instance, we found, in our experiments, subregions with
high projection values in the currently considered noncod-
ing regions. These subregions possibly correspond to
unannotated coding regions or pseudogenes.

We obtained the best performance by using the BG570
data set, with MGWT and threshold values being close to
70 percent to 85 percent (i.e., 70 percent to 85 percent of the
bases are considered as noncoding). It is important to see
that this threshold value is closely related to its coding
density of about 15 percent (see data set statistics in the
Appendix). A similar relation between threshold values and
coding density is observed when the HMR195 and Asp67
data sets are considered.

We believe that optimal threshold values can be obtained
from the statistics of taxonomically similar organisms,
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1. A complete list of the estimated performance measures is available at
http://www.vision.ime.usp.br/~jmena/MGWT/TCBB-Sup.pdf.

TABLE 1
Summary of Best Accuracies (AC and CC) of

Identification of Coding Regions in Sequence F56F11.4
Using Different Threshold Values

The sensitivity and specificity are represented by Sn and Sp,
respectively.
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which would be a way of incorporating model-based
information to the MGWT approach to improve its
performance.

5 CONCLUDING REMARKS

In this work, a new signal transform and a new method for
the identification of protein coding regions have been
introduced. The transform can be set up to identify any
periodic regions. The method enables the use of multiple
scales, analyzing both small coding regions with small
scales and larger coding regions with large scales. The main
advantage of this method is thus its robustness to scale
variations on the analysis of DNA sequences. Currently,
such dependence on scale variations is a problem with
alternative methods proposed in the literature. Another
advantage is the flexibility and graphical form of represen-
tation of TBP locally found in coding regions. This
visualization capability is useful for exploring the biological
significance of regions with TBP. It may also be explored for
region boundary detection.
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TABLE 2
Best Performances (AC Values) Obtained Using the BG570 Data Set

The corresponding range of threshold values used is shown in parentheses, whereas the maximum performance is shown in boldface. In the case of
average mutual information, Fourier spectrum, and Fourier spectral characteristics methods, different window lengths and a window step of 1 bp
were adopted.

TABLE 3
Best Performances Obtained Using the HMR195 Data Sety

y See Table 2 for legend.

TABLE 4
Best Performances Obtained Using the Asp67 Data Setz

z See Table 2 for legend.

Fig. 4. ROC curves for performance evaluation using 1,768 coding
sequences (exons) and 1,844 noncoding sequences (introns), with
lengths greater than or equal to 100 bp.
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Our results suggest that the use of the MGWT allows a
more precise identification of short coding regions, pre-
senting a superior performance over other model-indepen-
dent methods as a consequence of its multiscale approach.
Nevertheless, the obtained accuracy measures for the
model-independent methods for identification of coding
regions indicate that there is still room for improvement.
We suppose that the limited accuracy is mainly due to 1) the
presence of imperfect periodic organization of three bases
in the coding regions, i.e., the TBP in the coding regions
does not have an uniform behavior, 2) a weak TBP or the
absence of TBP in some coding regions, and 3) the presence
of TBP in some noncoding regions.

Finally, our ongoing work includes a further improve-
ment in coding regions identification by exploring the
multiscale analysis to determine the exon boundaries. The
projection coefficients plotted in Fig. 3b, for example,
represent the sum of the coefficients over the scale range,
providing an estimation of the coding region position.
However, at the coding regions boundaries, this projection
responds necessarily in a gradual manner due to the
influence of the high-scale coefficients that cover coding
and noncoding regions. On the other hand, the same
boundary regions are well discriminated by the small-scale
coefficients, noted as a fast change in color in the spectro-
gram (see Fig. 3a). Thus, an improvement in accuracy may

be achieved by estimating boundary regions from the
projection coefficients at all scales, followed by a detailed
analysis of the small-scale total spectrum at each estimated
boundary region. This may not only improve global accuracy
but also represent significant progress in the difficult and
important task of exon boundary prediction. We believe that
this multiscale property of the proposed method may also be
useful for the identification of short exons.

APPENDIX

STATISTICS OF THE CONSIDERED TEST DATA SETS

The used genomic test data sets belongs to eukaryotic
organisms whose exon-intron boundaries were carefully
annotated. Data sets BG570 and HMR195 present (slightly)
low protein coding content (� 15 percent) and short average
exon length (� 200). In contrast, the Asp67 data set has high
protein coding content (� 45 percent) and short average
exon length (� 500). In Table 6, we show the statistics of the
considered test data sets.
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Fig. 5. Identification of coding regions on the human �-globin sequence
of 2,000 bp by using the MGWT. Using a threshold value of 75 percent,
three regions at positions of 185-266, 399-607, and 1,426-1,633 were
identified. The shadow regions denote the relative physical position of
the true coding regions.

TABLE 6
Statistics of the Genomic Test Data Sets

y Average.
z Standard deviation.

TABLE 5
Summary of Best Accuracies (AC and CC) of Identification of

Coding Regions in the Human �-globin Gene Sequence

The sensitivity and specificity are represented by Sn and Sp,
respectively.
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