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Abstract
Proteins are built with molecular modular building blocks such as an a-helix, b-sheet, loop region and
other structures. This is an economical way of constructing complex molecules. Periodicity analysis of protein sequences has allowed us to obtain meaningful information concerning their structure, function and
evolution. In this work, complex demodulation (CDM) is introduced to detect functional regions in protein
sequences data. More speciﬁcally, we analyzed bZIP and bHLH-PAS protein domains. Complex demodulation provided insightful information about changing amplitudes of periodic components in protein
sequences. Furthermore, it was found that the local amplitude minimum or local amplitude maximum
of the 3.6-aa periodic component is associated with protein structural or functional information due to
the observation that the extrema are mainly located in the boundary area of two structural or functional
regions.
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1. Introduction
Recent developments in computational methodology have provided mechanisms to statistically
transform alphabetic sequence information into biologically meaningfully arrays of numerical values [5,6]. Using a multivariate statistical approach, these authors generated ﬁve multidimensional
indices (factors) of amino acid attributes that reﬂect polarity, secondary structure, molecular volume, codon diversity, and electrostatic charge of sequences. This advance will make possible a
number of statistical and mathematical analyses that will facilitate our understanding of the structure and function of biological sequence data.
For example, it has been suggested that the periodicity of a sequence can be evaluated by using
a Fourier transformation or spectral analysis [21]. Periodicity of biological sequences is an important indicator of protein structure and DNA folding [14,25]. However, the Fourier analysis or
spectral analysis is not useful in assessing the changes in cycle parameters, such as the amplitude
and phase of the periodic components over the sequence [8,11].
Recently, the technique of complex demodulation (CDM) has been introduced to provide a
continuous assessment of the periodic amplitude and thereby identify regions of change in structural and functional aspects of biological sequences. Complex demodulation has been widely used
in many ﬁelds such as physiology, psychology and oceanography research [7,12,19,24,26]. However, there are no previous applications of CDM procedures in computational biology and bioinformatics according to our literature query results.
This paper intends to illustrate the application of CDM method on protein sequences based on
several trials of bZIP and bHLH-PAS protein domains. This paper is also an exploratory work to
ascertain if the amplitude of a certain periodic component of a protein sequence contains readily
interpretable biological information. The bZIP and bHLH-PAS proteins are selected because of
the complexity of their function and structure, which can represent quite complex characteristics
of biological signals.
First we show that CDM can describe the changing amplitude of a particular periodic component. The amplitude pattern of the 3.6-aa periodic component is closely associated with the secondary structure of the protein sequences. It is found that the amino acid sites with local
amplitude maximums and local amplitude minimums primarily occur at the boundaries of helices
and strands. This strongly suggests that the CDM method is a new computational tool to aid us in
the understanding of biological sequences. There are several other methods available to predict
the regular secondary structure, however, the number of correctly predicted a-helix start positions
was not large, namely 38% [27]. This research should trigger increased interest in CDM and more
exploratory works to apply the CDM method to analyze additional biological sequences associated with signaling.

2. Methods
2.1. Principle of complex demodulation
Not every ‘‘periodic’’ series has a simple representation in terms of cosine or sine functions. A perturbed periodic component may have changing amplitude and changing phase. The goal of complex
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demodulation is to quantify the amplitude and phase as a function of time. The amplitude and phase
are determined by the data in the neighborhood of t, rather than by the whole series. The principle of
complex demodulation has been well documented by [8], it is brieﬂy described here before showing
the case study results on the bZIP and bHLH-PAS proteins. Given the fundamental period of a biological sequence, CDM can extract approximations of the changing amplitude and changing phase
as a function of the position of nucleotides or amino acid residues. Since this paper deals with protein
sequences as a function of amino acid sites, the spatial function xp is used to describe the numerical
series of proteins instead of the time series xt, where p represents the amino acid site. If the numerical
series data xp of a biological sequence is known to include a component oscillating around a frequency of k (the amplitude and the phase may vary), then xp can be written as
X p ¼ Ap cosðkp þ /p Þ þ zp

ð1Þ

where Ap and Øp are the changing amplitude and phase of the periodic component and zp is residue including all other components and noises. Fig. 2.1 is a good illustration of power spectrum
analysis and complex demodulation of simulated data [12]. Similarly, CDM is able to extract
approximations of Ap (amplitude) as a function of time. Øp can be also represented as a function
of time, but this phase plot hasn’t been shown here. In fact, the real-valued time series (1) can be
regarded as complex-valued series and hereby can be easily processed in computation. With the
Euler relation cosk + i sink = exp(ik), the time series Xp in (1) is converted to its complex analogue
X p ¼ 12Ap fexp½iðkp þ /p Þ þ exp½iðkp þ /p Þg þ zp ;

ð2Þ

where i is the unit complex number and i2 = 1.
We then obtain a new signal yt by shifting all the frequencies in Xp by k. This procedure is
called CDM and yp is expressed as
y p ¼ 2X p exp½ikp:

ð3Þ

Inserting Eq. (2) into (3), Eq. (3) then becomes
y p ¼ Ap expði/p Þ þ Ap exp½ið2kp þ /p Þ þ 2zp expðikpÞ:

ð4Þ

The ﬁrst item of Eq. (4) is smooth (the frequency is around zero), the second term oscillates at a
frequency of 2k and the third item is assumed to contain no component around the zero frequency from the deﬁnition of zp.
Therefore, when we let Yp be the signal obtained by passing yp through a low-pass ﬁlter, we
would obtain Yp in complex version as
Y p ¼ Ap expði/p Þ:

ð5Þ

Here Yp is represented by a set of complex numbers in terms of its magnitude and phase, Ap and
Øp. The instantaneous amplitude of the periodic component is deﬁned as
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð6Þ
Ap ¼ jY p j ¼ Y p Y p ;
where Yp* is the complex conjugate of Yp. The phase Øp can be then calculated.
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Fig. 2.1. Comparison between autoregressive power spectrum analysis and complex demodulation (CDM) of simulated
data containing two periodic components (a) and (b). (a) Simulated low-frequency (LF) component. (b) Simulated
high-frequency (HF) component. X1t and X2t, 0.09 and 0.25 Hz sine functions with a ﬂuctuating amplitude,
respectively. (c) Time series generated by adding 2 sine functions (X1t + X2t). (d) Autoregressive power spectrum
density (PSD). (e) Time series of instantaneous amplitude of LF and HF components obtained by CDM (ﬁgure from
[12]).

The FORTRAN program of CDM was listed by [8]. From a frequency-domain perspective, the
power spectrum of xp has a peak around a frequency of k. As the result of CDM, the peak is
moved leftward to around zero frequency in the power spectrum of Yp (in the PSD-frequency
plot). For example in Fig. 2.1, if CDM is applied to the low-frequency periodic component A with
a frequency around 0.09 Hz, then the Low-frequency peak will move leftward to around zero frequency. The peaks of all other components in xp, if any, are also moved leftward, those at an original frequency above k do not reach zero frequency, and those below k move into the negative
part of the frequency axis.
Thus, it is desirable for a low-pass ﬁlter to exclude all components except the zero-frequency
component and then the amplitude can be determined. The low-pass ﬁlter is designed according
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to the least squares ﬁlter design method presented by [8]. The transfer function of the ideal lowpass ﬁlter is

1 if 0 6 x 6 xc ;
ð7Þ
HðxÞ ¼
0 if xc < x 6 p;
where xc is the cutoﬀ frequency. The Fourier coeﬃcients of H(x) are
sin uxc
xc
u P 1 and h0 ¼
ð8Þ
pu
p
We have to construct a smoothing function to approximate the ideal low-pass ﬁlter in computation. Convergence factors are used to accelerate the convergence of Fourier series and achieve better approximation of the transfer function H(x) in Eq. (7). According to Bloomﬁeld, the
smoothed function approximating H(x) is
s
X
sin ud=2
~ s ðxÞ ¼ h0 þ 2
cos ux:
ð9Þ
hu
H
ud=2
u¼1
hu ¼

2pu=ð2sþ1Þ
The multiplier sin2pu=ð2sþ1Þ
is an example of convergence factor. The smoothed transfer function,
which are initially 1 and decay to smoothly 0, are a smooth approximation to the ideal ﬁlter
H(x). Fig. 2.2 shows the smoothed transfer functions for s = 5 (an 11-term ﬁlter) and s = 20
(a 41-term ﬁlter), and the ideal transfer function.
It is important to note that the amplitudes obtained with the use of complex demodulation are
relative rather than absolute measures. This is due to several factors, including the following: (i)
the signal is not exactly sinusoidal. And (ii) the absolute measures of the amplitude represents the
sum of high and low frequency periodic components, however, complex demodulation separates
out the amplitudes at each frequency.

2.2. Computational procedures
First, we transform the biological sequences into numeric values of entropy and Factor I [5].
The variability of protein multiple alignments is measured as a numeric array of Boltzmann–

Fig. 2.2. Transfer functions of least squares low-pass ﬁlters with convergence factors applied, s = 5 and s = 20 (ﬁgure
from [8]).
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Shannon entropy values. The Boltzmann–Shannon entropy E is used to quantify sequence variability ofPamino acid residues at each aligned amino acid site [4]. It is calculated as
EðpÞ ¼  21
j¼1 pjlog2 ð pjÞ, where pj is the probability of a residue being a speciﬁc amino acid or
a gap, and 0 6 E( p) 6 4.39. Five major patterns of amino acid attribute covariation that summarize the most important physiochemical aspects of amino acid covariability were interpreted as
follows: Factor I = a complex index reﬂecting highly intercorrelated attributes for polarity,
hydrophobicity, and solvent accessibility. Factor II = propensity to form various secondary structures, e.g. coil, turn or bend versus alpha helix frequency. Factor III = molecular size or volume,
including bulkiness, residue volume, average volume of a buried residue, side chain volume, and
molecular weight. Factor IV = relative amino acid composition in various proteins, number of
codon coding for an amino acid, and amino acid composition. Factor V = electrostatic charge
including isoelectric point and net charge. There may be association among diﬀerent factors,
therefore we focus on Factor I to see if we could ﬁnd secondary structural information from it.
Factor II–V is not examined in this paper.
Second, spectral analysis is conducted to produce power spectral density (PSD) plot (as shown
in Fig. 2.1). Through examining the PSD plot, certain periodic component of interests can be selected for the following CDM procedure.
Third, given a periodic component of interests, CDM is applied to produce a plot of instantaneous amplitude and phase of the periodic component of interest as a function of particular amino acid sites.
2.3. Data types
The data utilized in this study are the basic region-leucine zipper (bZIP) protein domain and the
basic region-helix-loop-helix-PAS (bHLH-PAS) protein domain. The bZIP proteins and bHLHPAS are both very important transcription factors. bZIP proteins contain a basic region mediating sequence-speciﬁc DNA-binding, followed by a leucine zipper region, which is required for
dimerization [22]. Both the basic region and the leucine zipper region have a helix form. Binding
to DNA induces a coil-to-helix transition of the basic DNA-binding region. The leucine zipper
region exhibits a stable helix form. The bZIP domain is one of the simplest types of DNA-binding
domains. However, the bZIP transcription factors are capable of recognizing a diverse range of
DNA sequences and regulate the gene transcription. The collection of 321 bZIP protein sequences
(clad bzip_2) was retrieved from the database Pfam (Dec, 2004).
The second group of proteins to be analyzed are the bHLH-PAS proteins. They are a family of
sensor proteins involved in signal transduction in a wide range of organisms. The bHLH-PAS domains contain a structurally conserved a/b-fold. There are basic region-helix-loop-helix motif,
PAS-1 and PAS-2 motifs in the domain. Both PAS-1 and PAS-2 motifs contain a ﬁve-stranded
antiparallel b-sheet with one face ﬂanked by several a-helices. The PAS-1 and PAS-2 motifs
are connected by a short linker.
The choice of bZIP and bHLH-PAS proteins is based on their structural and functional attributes. Since there are subtle diﬀerences among diﬀerent regions of the sequences, it is intriguing to
distinguish the diﬀerences between these various regions and to explore a novel approach to identifying the boundary of each region. It is hypothesized that CDM can distinguish the subtle differences among the structural and functional regions of sequences with a similar helix
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conformation. If CDM is able to distinguish the subtle diﬀerences, it is expected to work better for
regions of sequences have more structural and functional diﬀerences. bHLH-PAS contains complex a/b-fold which provides us with a complicated data set to examine the CDM procedure.

3. Results
3.1. bZIP protein domain
An entropy proﬁle was calculated (Fig. 2.3) based on the method described by [4]. Such a proﬁle
is a numeric representation of the residue diversity at each amino acid site in a set of aligned proteins. Large entropy values represent high variability for that site while small values represent low
variability. In our aligned sequence database, the basic region in bZIP proteins ranges from residue
1 to 27 while the leucine zipper region extends from residue 28 to 55. There are interesting oscillations of the entropy values and the periodic component was identiﬁed by spectral analysis [8].
A spectral density plot (Fig. 2.4) for this entropy proﬁle was produced by the spectral analysis
method-Fast Fourier Transformation [8] using SAS software (PROC SPECTRA). The peak at
around 3.6 aa indicates that there is a major signiﬁcant periodic component at that point in the
entropy proﬁle. Increases of spectral density in the period range from 13.75 to 56 aa indicate that
there is also low-frequency periodic component, whose period estimate is much larger.
We focus on the high-frequency periodic component at around 3.6 aa that conforms to the
average 3.6 aa per turn for an ideal a-helix. The CDM procedure was then used to analyze the
amplitude of the 3.6-period component as a function of amino acid sites. We are particularly
interested in locating the boundary between the basic region and the leucine zipper region.
The amplitude of the periodic component at 3.6 aa vs. residue is plotted in the dotted line in
Fig. 2.3. We found there is amplitude decrease in the boundary region between the basic and leucine

Fig. 2.3. Entropy proﬁle of bZIP protein domains and the amplitude of the 3.6-aa periodic component. The entropy
proﬁle is represented by the histogram. Large entropy value represents high variation at that residue while small one
represents low variation. Basic region: residue 1–27 Leucine zipper region: residue 28–55. The amplitude of the 3.6-aa
periodic component vs. amino acid site is in dotted curve produced by CMD method.

Z. Wang et al. / Mathematical Biosciences 207 (2007) 204–218

211

Fig. 2.4. Spectral density plot of the entropy proﬁle of bZIP protein domains in the range from 2 to 10 aa (the periodic
component of around 3.6 aa period is labeled).

zipper regions. The entropy amplitude at residue 27 achieved a local minimum. Structural studies
indicate that residue 27 is the last residue of the basic region and the ZIP region starts at residue
28 (Pfam, 2005).
These results indicate that the entropy amplitudes of residues located in the end of the basic region and near the start of the ZIP region are signiﬁcantly smaller than the average values (t-test:
p-value < 0.05). The maximal entropy amplitude occurs at residue 42. These latter ﬁndings indicate
that some residues in leucine zipper region are highly conserved while others are highly variable.
The latter results in a large amplitude which is reﬂected by large ﬂuctuations in the entropy values.
These ﬁndings suggest that the existence of a local minimum entropy amplitude identiﬁes the boundary of speciﬁc structural or functional regions. It is interesting that the entropy amplitude at residue 4
has the global minimal amplitude and the amplitude increases beyond residue 4. This observation suggests a functional and structural diﬀerence of these residues that warrants further investigation.
Next, we investigate the Factor I proﬁle [5] of the bZIP domain of the well-studied transcription
factor C-fos shown in Fig. 2.5. The sequence of the domain (primary accession number: P01100;
secondary accession number: P18849, [10]) is:
139-KRRIRRERNKMAAAKCRNRRREL|TDTLQAETDQLEDEKSALQTE IANLLKEKEKLEFI LAAH-200

Basic Region

|

Leucine Zipper

The spectral plot of c-fos factor I proﬁle does not reveal a signiﬁcant periodic component at
around 3.6 aa (Fig. 2.6). However, implementing the CMD method and assuming that there is a periodic component of 3.6 aa, we obtain the amplitude for this relevant frequency (dotted curve in
Fig. 2.5).
Based on the known structure of the c-fos protein [10], the leucine zipper region starts at residue
162 (labeled in Fig. 2.5). However, the amplitude of the 3.6-aa periodic component of Factor I at
residue 162 is not signiﬁcantly diﬀerent from the average (t-test, p > 0.05) and indeed the local
minimum is not at residue 162. However, the minimal amplitude of factor I occurs at residue
164, which is close to the leucine zipper starting residue of 162. This result suggests that the
CDM method may be useful to predict the start point of a new structural or functional region,
even if there is no signiﬁcant 3.6-aa periodic component of Factor I. The deviation of the leucine
zipper start residue from the residue with a minimal amplitude is possibly related to the absence of
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Fig. 2.5. Factor I proﬁle of a bZIP protein domain of transcription factor c-fos protein. The amplitude of the periodic
component at 3.6 aa vs. amino acid site is in dotted curve produced by CMD method.

Fig. 2.6. Spectral density plot of the factor I proﬁle of a bZIP protein domain of transcription factor c-fos protein in the
range from 2 to 10 aa (the periodic component of around 3.6 aa period is labeled).

a statistical signiﬁcant 3.6-aa periodic component of Factor I. This observation provides us with
an interesting topic that may trigger further investigation.
3.2. PAS protein domain
Within the bHLH/PAS proteins the PAS region is involved in protein dimerization with another protein of the same family [13,23,28]. It has also been associated with light reception, light
regulation and circadian rhythm regulators (clock). In bacteria, the PAS repeat is usually associated with the input domain of a histidine kinase, or a sensor protein that regulates a histidine kinase. 77 bHLH-PAS protein domains were obtained from PFAM database (version 17.0 May,
2005). The entropy proﬁle of 77 bHLH-PAS domains is shown in Fig. 2.7.
The spectral density plot of the entropy proﬁle of bHLH-PAS protein domains is given in
Fig. 2.8. Only short-range periodicity (i.e. high-frequency components) is shown in Fig. 2.8. There
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Fig. 2.7. Entropy proﬁle of bHLH-PAS protein domains and the amplitude of the 3.6-aa periodic component. The
entropy proﬁle is represented by the histogram. The amplitude of the 3.6-aa periodic component vs. amino acid site is in
dotted curve produced by CMD method.

Fig. 2.8. Spectral density plot of the entropy proﬁle of bHLH-PAS protein domains in the range from 2 to 10 aa (the
periodic component of around 3.6 aa period is labeled).

are peaks located in the 3.40–3.91 aa range that signal the existence of an a-helix [18]. Therefore,
CMD method is conducted to produce the amplitude of the 3.6-aa periodic component as a function of amino acid site (in dotted curve in Fig. 2.7).
Further, we investigate the Factor I proﬁle of a well-known bHLH-PAS protein Arnt_human
protein (p27540/ gi:114163), whose secondary structure has been determined [15]. It is a 789 aalength protein containing bHLH/PAS1/PAS2 domains (Basic region: 90. . .102; Helix-loop-helix
region: 103. . .143; PAS 1 domain: 161. . .235; PAS 2 domain 349. . .419). Regions 1–50 and
468–789 are removed because of they are included in the bHLH/PAS domain. The estimated secondary structure of the Arnt protein is obtained via Prediction protein web server.
The spectral density plot of the Factor I proﬁle of Arnt protein has been produced in Fig. 2.9.
There are some peaks located in the 3.40–3.91 aa range which signals the existence of a-helix,
especially there is a large peak at around 3.6 aa [18].
The Factor I proﬁle of Arnt protein domain is show as a histogram in Fig. 2.10. The CMD
method produces the amplitude as a function of amino acid sites for the 3.6-aa periodic component (curve in Fig. 2.10).
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Fig. 2.9. Spectral density plot of the Factor I proﬁle of Arnt protein in the range from 2 to 10 aa (the periodic
component of around 3.6 aa period is labeled).

Fig. 2.10. Factor I proﬁle of Arnt_human protein and the amplitude of the 3.6-aa periodic component (residue 14–499,
other residues are trimmed in the process of CDM). The changing amplitude as a function of amino acid sites is
produced by CDM and plotted as the curve.

Many local amplitude minimums have implications for the boundary of the a-helix regions or
b-sheets (Table 2.1). Local minimum residue 102 is the ending residue of the basic region of the
bHLH conserved domain. Local minimum 158 is close to the beginning residue 161 of PAS domain 1 ranging from residue 161 to 235. Local minimum 344 is close to the beginning residue 349
of PAS domain 2 ranging from residue 349 to 419.
Most local amplitude maximums have implications for the boundary of the a-helix regions or
b-sheets (Table 2.1). The results are: Local maximum residue 143 is the ending residue of the 2nd
helix of the HLH region. Local maximum residue 171 is the ending residue of an a-helix; local
maximum residue 291 is close to the ending residue of a predicted a-helix; local maximum residue
273 is located between two b-sheets; local maximum residue 313 is close to the ending residue of a
predicted b-sheet; local maximum residue 334 is the beginning residue of a predicted b-sheet; local
maximum residue 355 is the beginning residue of a predicted b-sheet; local maximum residue 397
is the 2nd beginning residue of a predicted b-sheet. The only exceptions are: local maximum
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Table 2.1
Summary of the locations of local amplitude minimums and maximums of the 3.6 aa periodic component of the Factor
I proﬁle
Residue

Local Min

102
158
344
143
171
273
291
313
334
355
397

Y
Y
Y

Local Max

Location in the secondary structure

Y
Y
Y
Y
Y
Y
Y
Y

End of the basic region
Close to the start residue 161 of PAS 1 region
Close to the start residue 349 of PAS 2 region
End of the HLH region
End of a helix
Between two b-sheets
Close to the end of a helix
Close to the end of a b-sheet
Start of a b-sheet
Start of a b-sheet
2nd start residue of of a b-sheet

It is found that the local amplitude minimums and maximums often occur in the boundary area of the a-helices and
b-sheets.

residue 220 is located within a predicted a-helix region; local maximum residue 413 is located in a
predicted b–sheet region.

4. Discussion
The ﬁnding of motifs and protein secondary structure prediction are important problems in
bioinformatics. Generally a-helices are easier to predict than b-sheets with 9.5% more accuracy
[1]. Recently the protein structure prediction has been dramatically improved by better remote
homology detection (e.g., using PSI-BLAST [2] or hidden Markov models [17]), and larger
sequence databases [9]. For instance, [16] obtained over 75% secondary structure prediction
accuracy using a similar neural network architecture, where homologs are ﬁrst detected via
PSI-BLAST. A coiled coils prediction program, Paircoil2, achieves 98% sensitivity and 97% speciﬁcity on known coiled coils [3]. However, while secondary structure prediction methods continue
to improve, there is still room for further improvement in structure prediction. Hidden Markov
models and neural network methods may identify patterns without an understanding of what
causes are generating these detectable diﬀerences. The complex demodulation method described
in this paper attempts to ﬁll this gap and explore the relationship between the underlying physiochemical traits and the detectable pattern. We have shown in this paper that the amplitude of the
physiochemical frequency component is associated with the secondary structure or pattern diﬀerences. It is interesting to examine the amplitude of frequency component and check its role in protein pattern recognition. The relatively ﬁxed period (3.6 aa) of a-helices in protein structures gives
us the opportunity to investigate a speciﬁc frequency component with a 3.6 aa period in the CDM
method. The amplitude of physiochemical frequency component can give us a picture of the resultant variation.
From the case study of the well-known protein sequences of bZIP and bHLH-PAS proteins, the
amplitude of certain periodic component is shown to contain meaningful biological information.
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The complex demodulation procedure is able to quantify the amplitude and phase of periodic
components of protein sequences. It is the ﬁrst time for the introduction and illustration of the
applications of complex demodulation on protein sequences. These analyses reveal that the minimums or maximums of amplitudes of the 3.6-aa periodic component of protein proﬁles (i.e. entropy and factor I proﬁles) are predictors of the boundaries of helices secondary structures. The
results in the paper should promote scientiﬁc interest in investigating the application of the CDM
method in computational biology and bioinformatics. Possibly the analyses of the amplitudes or
phases of periodic components through the CDM method could reveal important functional and
structural information. Also it may be useful for improving the accuracy of the prediction for Ntermini of a-helices because the current prediction accuracy is just 38% [27].
Hayano [12] has addressed three concerns of the CDM performance. (1) Is the resolution sufﬁcient enough to distinguish between the low-frequency (LF) and high-frequency (HF) components? (2) Is the estimation of amplitude robust against alterations in the frequencies of the
components? (3) What is the upper limit of rapid changes in amplitude that can be detected by
the analysis?
Hayano reported that the CDM can not only distinguish the low-frequency and high-frequency
amplitudes but also exclude the inﬂuence of the DC trends (those frequency <0.022 Hz) on the
low-frequency amplitude. To examine the alterations in the frequencies of the component, Hayano simulated a signal by adding two sine waves whose frequencies were ﬂuctuating between 0.06
and 0.12 Hz and between 0.18 and 0.44 Hz. The low-frequency and high-frequency amplitudes are
then calculated by CDM. The results showed slight ﬂuctuations of only 1.6 and 4.5%, whereas the
power spectral plot showed wide-based multiple peaks reﬂecting the ﬂuctuating frequencies of the
components. These results indicate that the amplitude estimated by CDM is suﬃciently robust
against the alterations in the frequency of the signal. Further, the simulation of Hayano suggests
that CDM provides a reliable estimate of amplitude when the frequency of amplitude ﬂuctuations
was below 0.034 Hz for the LF component and below at least 0.040 Hz for the HF component.
During the ﬁltering procedure, the input signal is truncated at both ends because the use of the
low-pass ﬁlter is analogous to the use of a data window. In the practice of analyzing series, the
standard way is to extend the input signal with arbitrary numeric sequences like 0000000 or
1111111111 so that the original data is not truncated. We realize that these arbitrary numeric sequences may aﬀect the accuracy of amplitude estimates. Therefore, a moving average window can
be considered as an alternative of these arbitrary numeric sequences. Also in this research, the
phase plot produced by the CDM method is not included because [12] has stated that the phase
alternation (i.e. the frequency alternation) has little inﬂuence on the amplitude estimation. The
results in this research are based on case studies on the bZIP and bHLH-PAS protein domains.
More representative protein sequences should be examined with this CDM method in the future.
The CDM method alone may not be able to accurately predict the exact boundary of the secondary structure blocks. The residues with local minimal or maximal amplitude may be not boundary
residues (Table 1). More work remains to be done to improve the prediction accuracy of CDM
methods. The CDM method assumes that there is a mean to the oscillations. However, [20]
has argued that the fractal analysis of sequences has been more appropriate than standard
descriptive statistics of mean and variance because with so many phylogenetically diverse
sequences both mean and variance can go to zero or inﬁnity and it ﬁrst has to be shown that
standard descriptive statistical assumptions apply to each case rather than be simply assumed.
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Although the CDM method has not been extensively investigated, it appears to be a promising
computational procedure to quantify the amplitude of the numeric proﬁles of protein sequences,
which contains a lot of unknown biological information and signals. Many follow-up applications
of the CDM methods are expected to promote our understanding of the complex protein sequences and structures.
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