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The role of repeating motifs in protein structures is thought to be as
modular building blocks which allow an economic way of constructing
complex proteins. In this work novel wavelet transform analysis tech-
niques are used to detect and characterize repeating motifs in protein
sequence and structure data, where the Kyte-Doolittle hydrophobicity
scale (H�) and relative accessible surface area (rASA) data provide resi-
due information about the protein sequence and structure, respectively.
We analyze a variety of repeating protein motifs, TIM barrels, propellor
blades, coiled coils and leucine-rich repeat structures. Detection and
characterization of these motifs is performed using techniques based on
the continuous wavelet transform (CWT). Results indicate that the wave-
let transform techniques developed herein are a promising approach for
the detection and characterization of repeating motifs for both structural
and in some instances sequence data.
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Introduction

Repeating sequences and structures are common
in nucleic acids and proteins. A recent survey indi-
cates that 14 % of proteins contain sequence
repeats, half the number which are contained in
nucleic acid sequences.1 Protein repeats come in
considerable variety, ranging from repeats of a
single residue, through heptad repeats in coiled
coils, motif repeats (e.g. propellor blades) and
®nally to the repetition of homologous domains of
100 or more residues. Here, we are primarily con-
cerned with motif repeats which are by de®nition
secondary or supersecondary structural units:
a-helices, b-strands, b-sheets, Rosmann folds, etc.,
connected together by short, sometimes variable,
lengths of peptide in a repeating pattern. In terms
of tertiary structure, protein motif repeats can be
viewed as modular building blocks which allow an
economic way of constructing complex protein
topologies.2 Motif repeats are commonly observed
in proteins as a single motif repeated in tandem
ing author:

e accessible surface
sform; MM,
ate isomerase; LLR,
fashion along the protein sequence. A compen-
dium of repeats is displayed in Figure 1(a) to (f).

Current protein repeat detection methods from
sequence utilize standard sequence comparison
algorithms adapted to ®nd repeats. Andrade et al.10

use optimal and sub-optimal score distributions
from pro®le analysis to ®nd homologous families
for 11 kinds of tandem repeats, which once
detected, may be used to identify additional
repeats in any other sequence. Repeats are ident-
i®ed based on the probabilities of ®nding matches
of different sub-optimal alignments when com-
pared to random sequences. Pellegrini et al.11

utilize multiple alignment techniques, based on a
modi®ed version of the Smith-Waterman dynamic
programming algorithm,12 where a sequence is
aligned against itself enabling internal repeats to
be found. Heger & Holm13 use a similar but more
re®ned technique which can validate distant
repeats by pro®le alignment and optimizes repeat
borders to yield a maximal integer number of
repeats. For these methods detection of repeats is
straightforward when the repeat in question is per-
fect. However, detection is complicated when evol-
ution erodes any sequence similarity and when
insertions, deletions and substitutions corrupt the
regularity of the repeating pattern. Furthermore,
repeats may be incomplete, widely spaced and
be of multiple types interspersed throughout a
sequence. As a consequence of these complications
# 2002 Elsevier Science Ltd.
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Figure 1. Rasmol3 cartoons of repeating motifs and domains. (a) Seven bladed b propellor (PDB code 1tbg, Sondek
et al.4). (b) Domain repeat and an 8-fold ba motif repeat (PDB code 1pii, Wilmanns et al.5). (c) ba Leucine-rich repeat
(LRR) (PDB code 1a4y chain A, Papageorgiou et al.6). (d) aa HEAT repeats (PDB code 1b3u chain A, Groves et al.7).
(e) Four repeating b sandwich domains (PDB code 1fnf, Leahy et al.8). (f) Coiled coil heptad repeat (PDB code 1e2a
chain A, Sliz et al.9).
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some repeats are not detected by current methods.
To our knowledge, there is not yet even an auto-
mated method to assign repeats from 3D structure,
which would provide valuable comparative data
for assessing the performance of sequence-based
structural repeat predictors.

In this work an alternative approach to repeat
detection is adopted. A suite of continuous wavelet
transform analysis techniques will be used to
detect and characterize a selection of repeating pro-
tein motifs from both sequence and structural data.
For sequence data wavelet transform analysis can
be considered as an ab initio approach to motif
detection and characterization. Introduced in the
early 1980s, wavelets have become a popular sig-
nal analysis tool due to their ability to elucidate
simultaneously both spectral and temporal infor-
mation within the signal. This overcomes the basic
shortcoming of Fourier analysis, which is that the
Fourier coef®cients contain only globally averaged
information, thus leading to location speci®c fea-
tures in the signal being lost.14 Applications of
wavelet analysis are now widespread and cover
many ®elds of scienti®c research, including medi-
cal science, geophysics, engineering testing, image
analysis, ®nancial signal analysis and the topic of
interest herein, proteins, where the dimension of
``time'' becomes that of sequence distance.

The body of literature concerning wavelet trans-
form analysis and proteins (and DNA) is relatively
small and comparatively recent. For proteins,
wavelets have been used to predict hydrophobic



Figure 2. The Mexican hat wavelet plotted for three a
values (1, 3 and 5) at b � 30.
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cores from hydropathy data,15 the location of
highly conserved residues in the hormone prolactin
from electron ion interaction potential data,16 the
structural families of protein hydrophobicity
sequences17 and the location and topology of
helices in transmembrane proteins.18 Other wave-
let-based research has focused on DNA, where
wavelets have identi®ed regular features in
nucleotides,19 the genome of Chinese hamster
cells,20 transcriptive yeast cell cycle microchip
data,21 and non-coding sequences.22 We now look
at three of the above references in more depth. Hir-
akawa et al.15 de®ne a wavelet-based method to
predict the hydrophobic cores of globular proteins
from hydropathy sequence data with 70 % accu-
racy. This method predicts hydrophobic cores by
thresholding the smallest wavelet scale to eliminate
hydrophilic/neutral regions. It is worth noting that
for this data sequential alignment techniques can
predict hydrophobic cores with 76 % accuracy,23

but tend to perform poorly when there are no
homologues or low sequence similarity, for these
cases the wavelet-based method can predict cores
at nearly 70 % accuracy. Mandell et al.17 apply the
continuous wavelet transform to protein hydro-
phobicity sequences. This technique suggests
which structural family the sequence belongs to,
for one example each of a, b and ab proteins. The
protein structure and it's fractal dimension are
used as reference criteria for the analysis. Lio &
Vannucci18 have developed a discrete wavelet
threshold technique to predict the location and top-
ology of helices in transmembrane proteins. Predic-
tions are made by discrete wavelet thresholding, a
new propensity scale generated from 1087 trans-
membrane domain sequences. This method works
by wavelet transforming the data to generate
wavelet coef®cients, then coef®cients below a cer-
tain size being shrunk or set to zero. A denoised
signal is recovered by inverse transforming these
thresholded coef®cients. When compared to
empirical methods based on hydrophobicity and/
or helical propensity data for a test set of 83 pro-
teins it was found that this method permits an
improvement in the automatic location of trans-
membrane helices.

Wavelet Transforms

Wavelet theory

In this work the continuous wavelet is the pre-
ferred wavelet representation; justi®cation for its
use can be found in the Appendix. A brief sum-
mary of continuous wavelet transform theory and
a description of some wavelet tools which assist
interpretation of wavelet coef®cients is presented;
more details are given in the Appendix. Both
wavelet theory and tools are illustrated by simple
examples which outline some of the key concepts
of this technique.
The continuous wavelet transform (CWT)

The wavelet transform of a continuous distance
signal x(t) is de®ned as:
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where g((t ÿ b)/a) is the analyzing wavelet func-
tion. The transform coef®cients T(a,b) are found for
both speci®c locations on the signal, t � b, and for
speci®c wavelet periods (which are a function of
a). It is usual to plot T(a,b) against a and b in either
a surface or contour plot known as a scalogram.
One of the most popular continuous wavelets is
the Mexican hat,24,25 plotted in Figure 2. This
wavelet is particularly good at highlighting peri-
odic structures and it will be used here to analyze
a number of protein repeat motifs. The Mexican
hat wavelet is de®ned as:
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where a is the dilation parameter and b is the
location parameter. A discussion is given in the
Appendix concerning the functional properties of
analyzing wavelets and the relationship between
wavelet scale and frequency.

The ability of the wavelet transform to locate
speci®c features temporally and spatially is now
illustrated with the aid of a simple test signal. Con-
sider the signal Y(t) of, length N (512 distance
units), containing two waveforms: a sine wave of
period 64 distance units and a low amplitude
cosine wave of period 16 distance units superim-
posed upon the ®rst waveform (Figure 3(a)):
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Note that the higher frequency wave form only
occurs in the region 130-300 units, and is dif®cult
to discriminate from the low frequency high ampli-
tude waveform. Fourier spectra analysis of this
waveform reveals the two dominant frequency
components in the test signal (Figure 3(b)), but no
information on their location. Figure 3(c) displays



Figure 3. Wavelet transform analysis of test signal. (a) and (b) Test signal and it's respective Fourier spectra. (c)
and (d) Scalogram (Mexican hat analyzing wavelet) and Fourier scale transform. (e) and (f) Modulus maxima and
maxima and minima slices.
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the wavelet scalogram of the test signal with scale
(or period) on the Y axis and translation (or dis-
tance location) on the X axis. At a scale centered at
64 distance units the wavelet transform detects the
low frequency high amplitude waveform as a
regular continuous series of features. At smaller
scales evidence of the high frequency, low ampli-
tude waveform is depicted as a series of regular
features over the region 130 to 300.

Wavelet tools

It is possible to characterize the relationship
between wavelet scale and frequency by taking the
Fourier transform of each wavelet scale. This
measure enables frequency detection at the
expense of locality, but allows association of the
dominant frequencies with wavelet scale, when
plotted as a contour plot. Such a measure may
prove useful in resolving protein repeat motifs.
The Fourier coef®cients at each wavelet scale a are
given by:

P̂�o; a� �
Z 1
ÿ1

T�a; b�eÿ2iobdb �4�

As some scales contain much more energy than
others, we can normalize the P̂�o; a� term so that
each scale contains the same Fourier transformed
energy, giving rise to the new set of coef®cients:
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where C(o,a) is the normalized Fourier power
spectrum of the wavelet coef®cients indexed by
scale. An example of the Fourier scale transform is
exhibited in Figure 3(d) for equation (3). The
Figure shows that all investigated scales contain
evidence of the low frequency waveform at a
period of 64 units. A second smaller feature, associ-
ated with the high frequency waveform is evident
on the scale frequency plot over the scale range 20
to 0 distance units at a period of 16 units.

As an aid to interpreting wavelet scalograms the
positions of extrema across scales can be used to
``denoise'' the wavelet coef®cients and thereby
obtain dominant features of interest from back-
ground information.26 This method uses continu-
ous wavelet transform modulus maxima (MM);
these can be de®ned as any point in wavelet space
which corresponds to a local maximum of the
modulus jT(a,b)j i.e.:

WTMM�a; b� �
(
jT�a0; b�j if jT�a0; �bÿ 1��j

< jT�a0; b�j < T�a0; b�b� 1��j
0 Otherwise

�6�

Modulus maxima are local extrema at any point
(a0,b0) such that (@T(a0,b))/(@b) has a zero crossing
at b � b0. Maxima lines can be drawn linking com-
mon extrema across scales. As an extension to the
scalogram method, the MM technique is also use-
ful for detecting singularities in the signal which
can often characterize irregular structures and tran-
sient phenomena. An example of the MM tech-
nique is exhibited in Figure 3(e) for equation (3),
where the elucidation of both waveforms in the
distance-scale space becomes obvious with a series
of features representative of the waveform mod-
ulus maxima.

If a scale of the MM is of interest, then the posi-
tive or negative maxima can be represented on a
plot as a modulus slice (�MM versus MM), where
�MM, the separation between extrema, is given
by:

�MMa;j � MMa;j�1 ÿMMa;j �7�
and j � 0,1,2 . . . M ÿ 1, where M is the total num-
ber of positive or negative maxima at a speci®c
scale a. This method developed herein allows
identi®cation of globally periodic, locally periodic
and transient behavior at the wavelet scale of inter-
est. Figure 3(f) shows an example of wavelet maxi-
ma and minima slices at a scale of 64 distance
units. Both extrema display �MM values of 64 dis-
tance units, indicative of the dominant waveform
for most of the signal apart from the ®rst values at
16 and 48 distance units. This discrepancy results
from these extrema having no smaller neighbors,
consequently they are paired with 0. The high fre-
quency waveform is not displayed here as the
scale of investigation (64 distance units) is too
coarse to detect this feature. Below we apply these
tools to analyze protein sequence and structure
data.

Data Types

The data utilized in this study are relative acces-
sible surface area (rASA) and simple hydrophobi-
city (H�) which, for each residue of a protein,
provide information derived from the protein
structure and sequence, respectively. rASA is gen-
erated using Hubbard's NACCESS program,27

which implements Lee & Richards accessibility
calculation.28 This measures the relative accessibil-
ity of every residue to solvent in the 3D protein
structure. More speci®cally rASA calculates the
accessible surface of the residue which is then
divided by the maximum accessibility of that
amino acid in a extended tripeptide. A value of
rASA between 0 and 100 % is then assigned to
each residue where 0 % represents buried residues
and 100 % freely accessible to solvent. The Kyte-
Doolittle hydropathy scale29 is based on the free
energy transfer of each amino acid between
organic solvent and water. This measure is often
used to detect regions of sequences that can be
inserted into cell membranes, commonly known as
transmembrane helix predictions. In this work the
hydropathy scale is inverted to allow comparison
with rASA data; where hydrophilic residues
should display a positive correlation with large
exposed values of rASA. Observed secondary
structure (SS) derived from the structure is also uti-
lized here as an aid to assess the quality of wavelet
structure and sequence detections. SS is rep-
resented numerically as a simple code: helix � 1,
strand � ÿ1 and coil � 0.

The choice of rASA and H� as data in this work
is not arbitrary. It is hoped that rASA data will
give a strong indication of the protein's overall
geometry, and more speci®cally repeating motifs.
Similarly for H� data important structural infor-
mation may be contained in these 1D sequence-
derived data sets. Other workers have used acces-
sibility and hydrophobicity data to evaluate model
structures.30

The aims of this work are: (1) to identify and
classify motif repeats from structural data auto-
matically, forming a database of all repeats; and (2)
to develop automatic detection of these repeats
from sequence data alone. As a preliminary attack
to these problems wavelet transforms for rASA
and H� are applied to a variety of proteins known
to contain repeating motifs. By wavelet transform-
ing these data and employing appropriate thresh-
olding techniques we aim to identify motif repeats
in structural and sequence data automatically.
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Wavelet analysis of four proteins displaying differ-
ent types of repeats is presented below.

Results

Propellor

In this section wavelet-transformed rASA and
H� data for the C-terminal four-bladed propellor
domain of rabbit serum haemopexin (RCSB PDB
code 1hxn, Faber et al.31), are used to detect the
location of each propellor blade in the protein and
provide information about the topology within the
blade. This protein ``is a serum glycoprotein that
binds heam reversibly and delivers it to the liver
where it is taken up by receptor mediated
endocytosis''31 (see Figure 4(a)). This domain con-
sists of a 4-fold repeat of four/®ve stranded anti-
parallel b-strands linked to each other by b-turns.
The sheets pack side-to-side and are twisted and
radially positioned around their central tunnel,
which serves as an ion-binding site. A structural
Figure 4 (legend sho
summary with residues numbered from 0 is dis-
played for 1hxn in Table 1. In this work the repeat-
ing motif is assumed to terminate after the last b-
strand in the propellor blade. The average length
of each motif is 50 residues, with the longest and
shortest repeats being 44 and 57 residues, respect-
ively. Generally the ®rst element in the repeating
motif is an a-helix situated on the circumference of
the structure. This is followed for most motifs by
four b-strands which compose the propellor blades
with the fourth b-strand residing on the circumfer-
ence of the protein. Motifs 3 and 4 have a-helices
inserted between b-strands 3 and 4. There is a long
loop insertion (residues 155-170) between strands 1
and 2 of motif 3. From the sequence data of
haemopexin two repeats are identi®ed by
RADAR,13 an algorithm based on multiple align-
ments of the protein sequence against itself. The
repeats are 51 residues long and occur between
residues 10-66 and 108-161. These limits corre-
spond well to the length of repeating motif unit
but straddle the neighboring motifs b-strands, also
wn on page 348)



Figure 4 (legend shown on page 348)
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Figure 4. Fourier and wavelet analysis of haemopexin. (a) Rasmol cartoon of haemopexin. (b) and (c) rASA and
H� data. (d) and (e) rASA and H� Fourier spectra. (f) and (g) rASA scalogram and Rasmol loop insertion (colored
green) residues 155-170. (h) rASA scalogram with residues 158-170 deleted. (i) H� Scalogram. (j) and (k) Scale fre-
quency measure for rASA and H�. (l) and (m) Extrema for H� and rASA at 11 residues (l) and 52 residues (m). (n)
and (o) Rasmol representations of H� and rASA maxima.
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blades 2 and 4 are not recognized. An alternative
method is required to identify the repeating motif
consistently.

Figure 4(b) and (c) depicts the input data (rASA
and H�); no obvious evidence of repeating motifs
is apparent from visual inspection of this data.
However, Fourier analysis displays a dominant fre-
quency at approximately 50 residues for both data
sets (Figure 4(d) and (e)); this is indicative of the
50-residue propellor motif. Additionally, some
evidence of motif topology is given by large ampli-
tude Fourier spikes in the range 10-30 residues for
both data sets. These spectral peaks may character-
ize the repeats within each blade. It should be
noted that the Fourier transform gives no infor-
mation on the location of the repeat motifs, as it is
a global measure. In contrast, as wavelet trans-
forms are localized, repeating motifs should be
identi®ed with more con®dence.
The rASA wavelet scalogram (Figure 4(f))
unfolds the distance-scale organization of the data
for scales of 2 to 100 residues. Yellow and orange
regions on the scalogram indicate exposed/hydro-
philic regions, blue and dark green regions display
buried/hydrophobic regions. A range of features is
displayed prominently at a scale corresponding to
50 residues in length over the entire domain: this
re¯ects the repeating propellor sheet. Between 124-
185 residues there is irregularity with a series of
features centered at a scale of 26 residues. These
result from a large hydrophilic loop insertion of
approximately 15 residues in length. The loop
insertion (highlighted in green, Figure 4(g)) is dis-
played in Fourier space as a large amplitude spike
at 26 residues (see Figure 4(e)). Removing residues
158-170 (i.e. 12 residues from the inserted loop
region) for rASA results in a scalogram where the
insertion features resident at a scale of 26 residues



Table 1. Structural summary for 1hxn

aIn this column residues are numbered as in the RCSB PDB, for the rest of this work residues start from 0, i.e. residue
227 in the PDB corresponds to residue 2 in this instance.
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are absent (see Figure 4(h)). The dominant features
over the region 124-185 residues now correspond
to the propellor sheet period centered at a scale of
approximately 50 residues. Also evident on the
scalogram over residue scales 5 to 30 are a range of
features which correlate strongly with the topology
of each motif when compared to the 3D structures
of the polypeptide. Detailed analysis of these fea-
tures is undertaken below with the aid of wavelet
extrema, which can allow a more legible represen-
tation of the wavelet data by denoising the scalo-
gram to reveal the ``skeleton'' structure of the data
(see Figure 3(e)). The scalogram for H� data
(Figure 4(i)) displays some correlation with rASA,
apart from the insertion region, which is much less
apparent in this case. The frequency content of
both scalograms is given by the Fourier scale trans-
form (Figure 4(j) and (k)), where at a period of 50
residues the motif repeat is displayed from scales
20 to 100 residues for both sets of data. The cor-
relation between Figure 4(j) and (k) is striking.
At smaller scales (�30-7 residues) a number of
features are common to both data sets, these are
assumed to provide information on the topological
components of each motif (i.e. periodicities related
to the location of b-hairpins). More precise infor-
mation on these elements is given by comparing
wavelet extrema at the scale of interest to three
state secondary structure, this allows association of
a wavelet/signal frequency with structural and
topological features. For example the wavelet mini-
ma at a scale of 11 residues (Figure 4(l)), set to
equal ÿ2 and ÿ4 for H� and rASA, indicate that
the center of the b-sheet is the most hydrophilic
region at this scale. Wavelet maxima at this scale
map to b-hairpins, which connect the b-strand
structural subunits. This indicates that these
regions are locally the most exposed. It is a useful
property of the wavelet transform to unfold topo-
logical information contained in both sequence and
structural data. More speci®cally rASA identi®es
16 of the 17 strands. H� is not as effective, detect-
ing 14 strands, both data having four minima out-
with the strand regions. Using the same approach
wavelet maxima at the dominant scale of 52
residues (as indicated by Fourier and wavelet scale
frequency analysis) are now analyzed to quantify
the motif detection for both data types (see
Figure 4(m)). Although, we note that strictly speak-
ing it is impossible to de®ne the beginning and
end of repeats due to their circular nature. Positive
maxima are chosen in this case, as the end of the
propellor motif is likely to be the most exposed or
hydrophilic region of the motif. All maxima are set
to 2 and 4 for H� and rASA accordingly. Most
rASA MM spikes delimit the b-sheets contained in
each propellor blade, apart from the spike at 163
residues which results from the insertion discussed
above. The H� maxima detect all four propellor
blades. Mapping the maxima limits into a Rasmol
protein cartoon for each data type shows that the
detected repeats correlate well with those observed
(Figure 4(n) and (o)).

Coiled coils

In this section we attempt to predict the location
of heptad repeats in chain A of the coiled coil
dimerisation domain from cortexillin I (Figure 5(a);
RCSB PDB code 1d7m; Burkhard et al.32). Cortexil-



Figure 5 (legend shown opposite)
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Figure 5. Fourier and wavelet analysis of the coiled coil 1d7m. (a) Rasmol cartoon of cortexillin I. (b) and (c) rASA
and H� data. (d) and (e) rASA and H� Fourier spectra. (f) and (g) rASA and H� scalograms. (h) and (i) rASA and
H� Fourier scale transforms. (j) Wavelet minima slice for rASA and H� at 3.5 residues.
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lin I and II are actin bundling proteins which play
a major role in dictyostellion cytokinesis.33 Coiled
coils are very common in the eukaryotic genomes
and represent one of the simplest tertiary struc-
tures. Most coiled coils display seven-residue pat-
terns called ``heptad repeats'' containing amino
acid residues denoted abcdefg, in which the a and
d residues are generally hydrophobic. The coiled
coil structure is then formed by the component
helices twisting together to bury their hydrophobic
seams, which results in the helices themselves coil-
ing around each other. It is this ``knobs-into-holes''
packing that de®nes a domain as a coiled coil.34

RADAR13 detects four 19 residue sequence repeats,
although after extensive investigation of the data,
the RADAR program, and the literature it is
unclear why these repeats occur.

Figure 5(b) and (c) displays rASA and H� data.
For rASA data there is a very strong periodic pat-
tern at approximately three to four residues, the
H� data is much more complex with no obvious
indication of a global periodicity throughout the
signal. The Fourier spectra of both the rASA and
H� data are displayed in Figure 5(d) and (e)
where rASA data exhibit a dominant frequency of
3.5 residues, which is often indicative of the heptad
repeat observed in coiled coils.35 Note that this dif-
fers from a-helices which generally exhibit a repeat
frequency of 3.6 residues. However, the H�
spectra depict noisy multi-period spikes with no
evidence of periodicity at 3.5 residues. As expected
the scalogram for the rASA data (Figure 5(f))
shows a series of features centered at three to four
residues for the entire length of the data; also
shown are large high amplitude features at large
residue scales at the beginning and ends of the sca-
logram, which result from the ends of the polypep-
tide being more exposed than the center. Visual
inspection of the rASA data supports this with resi-
dues generally tending to becoming more exposed
at the chain termini. The H� scalogram
(Figure 5(g)) depicts a more complicated organiz-
ation with large features over the range 10 to 25
residues scale scattered without obvious organiz-
ation along the signal. Inspection of the literature
(Burkhard et al.32) reveals that the location of these
features corresponds to hydrophilic residues situ-
ated in the a and d positions of the heptad. These
residues tend to form interhelical salt bridges with
chain B, corrupting the possibility of hydrophobic
residues at positions a and d of the heptad. At
smaller scales there are a number of features scat-
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tered intermittently at varying periods (two to
eight residues) these are consistent with the multi-
period spikes displayed on Figure 5(e). These fea-
tures give little indication of the heptad associated
with coiled coils and their role in the protein struc-
ture is unclear.

The Fourier scale transform of the rASA wavelet
coef®cients (Figure 5(h)) reveals low frequency fea-
tures associated with the exposed ends of the pro-
tein, and a strong indication of the heptad repeat
at 3.5 residues over scales two to ten residues.
Results for H� (Figure 5(i)) exhibit little indication
of a heptad repeat. A number of low frequency fea-
tures are also displayed; as discussed above these
result from interhelical saltbridges.

For the rASA data more detailed evidence of
heptad repeats can be seen in Figure 5(j), where a
modulus slice at a wavelet scale corresponding to
3.5 residues reveals heptad repeats for the full
length of the structure. These form an alternate
repeating pattern of three and four residues. Also
illustrated here are results for H� data; as expected
the quality of this detection is poor, with little indi-
cation of heptad repeats displayed. Further investi-
gation of other coiled coils not displayed herein,
reveals similar results with rASA being an accurate
detector of heptad repeats, and H� being a poor
detector. The methods presented here appear to be
poor predictors of heptad repeats from sequence;
existing homology-based coiled coil predictors are
much more powerful.36 ± 38 Although, scalogram
analysis of the sequence data reveals the location
of hydrophilic residues associated with interhelical
salt bridges.

TIM Barrels

Chain A of the enzyme triosephosphate isomer-
ase (Figure 6(a), RCSB PDB code 1tim; Banner
et al.39) is involved in glycolysis where it catalyzes
the conversion of dihydroxyacetone phosphate into
glyceraldehyde-3-phosphate. The core of this pro-
tein consists of eight tightly packed twisted b-
strands arranged in a barrel-like fashion. The a-
helices that join the b-strands are on the circumfer-
ence of the barrel. A structural summary is shown
for 1tim chain A in Table 2. The average length of
the eight ba motifs is 30.5 residues, with the largest
and shortest repeat lengths being 19 and 50 resi-
dues, respectively, resulting from the high degree
of variability in the length of secondary structure
repeat elements and numerous a-helix insertions.
The strands are all connected by at least one helix,
which may be split into two or three short helices,
resulting in 42.9 % of the structure being helix,
only 17 % of the structure being b-strand. No
sequence repeats were identi®ed by RADAR
(Heger & Holm13).

Little evidence of the ba repeat motif is dis-
played in the rASA and H� data sets (Figure 6(b)
and (c)). Similarly no obvious information on the
repeat motif is depicted in the rASA spectra
(Figure 6(d)), which displays a dominant period at
approximately 17 residues; this might be indicative
of long a-helices in the structure. The H� spectra
reveal a large spike at 40 residues (Figure 6(e))
which may represent elongated ba motifs or motifs
with insertions. These results indicate that, due to
the high variability in the motif length, ®nding a
scale of investigation where most of the repeating
motif information is contained might be proble-
matic. For example investigation of the H� data at
a scale of 40 residues may fail to elucidate the
shorter repeat motifs displayed at smaller scales
and vice versa for the rASA data. This is re¯ected in
the scalograms of both data having a propensity to
display motifs of varying lengths (Figure 6(f) and
(g)). Also as might be expected the similarity
between both sets of wavelet scalogram data is
re¯ected in a correlation between their Fourier
scale transforms (Figure 6(h) and (i)). Both rASA
and H� data display a series of peaks at 40, 28
and 20 residues. These features tend to smear
together for the structure data, indicating that the
motif is multi-scaled. Also shown are strong fea-
tures at 17 and 13 residues. Investigation of wave-
let extrema with the aid of secondary structure at
these scales (not shown herein) revealed there is
periodicity between the locally exposed hydrophi-
lic ends of the protein and also the hyrdophobic
center residues of the b-strands and a-helices.
Results for the sequence data are more de®ned
with a strong feature at 40 residues indicative of
the long motifs; this is also displayed in the scalo-
gram and Fourier transform of this data. The task
now is to select an appropriate scale which con-
tains information on all repeating motifs. Visual
inspection of both scalograms con®rms that an
appropriate scale of investigation is approximately
30 residues, as most motifs are evident, but not
necessarily centered, at this scale. This is supported
by both Fourier scale transforms which display
peaks at 28 residues. Figure 6(k) depicts wavelet
minima at this scale and three state secondary
structure for validation of the wavelet data. The
rASA data successfully delimits the ba motif, with
the exception of an outlying minima spike at 185
residues. Interestingly, the H� data derived solely
from sequence offers good agreement with the
rASA results, although H� detections are generally
less precise at discerning the location of the motif,
and the number of maxima unassociated with the
protein structure is greater than the rASA case.
Rasmol cartoons of the limits derived from the
minima data are displayed in Figure 6(l) and (m).
It should be noted that this approach fails to detect
the large a-helix insertions in this structure. To
locate these a scale of 20 residues corresponding to
the next peak on the Fourier scale transforms is
investigated. The rASA maxima (Figure 6(n)) at
this scale locates the ba repeat and the associated
insertions with a high degree of accuracy apart
from three errors, namely erroneous structure
detections at 17 and 70 residues and a failure to
delimit the end of the helix insertion at 203 resi-
dues. In contrast H� performs poorly with the



Table 2. Structural summary for 1tim chain A

aNumbered according to RCSB PDB.
positive maxima only able to detect one repeat
motif clearly. This results from the extra dif®culty
of having numerous insertions in the protein struc-
ture. Further investigation of other TIM barrels
(not displayed herein) reveals similar results, with
rASA being an accurate detector of both the ba
motif and insertions. H� is generally much poorer
as it is unable to distinguish between insertions
and deletions consistently.

LRR (leucine rich repeats)

In this section we attempt to predict the length
and location of a repeating ba motif in chain I of
the LRR ribonuclease inhibitor (Figure 7(a); RCSB
PDB code 1dfj; Kobe & Desienhofer40), which inhi-
bits the activity of RNase A-type enzymes. LRR
repeats are tandem homologous amino acid
sequences of about 20-30 residues. In this protein
there are 15 repeating motifs of two variants which
alternate along the protein chain: type A, with 29
residues, and type B with 28 residues. Further-
more, at the chain termini there are two short
regions with non-homologous sequences. This
repeat produces a ba motif, with tandem repeats
arranged consecutively and parallel to a common
axis, causing the structures to adopt a curved
shape akin to a horseshoe, where parallel b-sheets
line the inner circumference and a-helices line the
circumference. A structural summary is illustrated
for 1dfj (chain I) in Table 3. The b-sheet component
of this motif has a constant length of three resi-
dues, whereas the a-helix region displays more
variability with an average length of 12.53 residues
and maximum and minimum lengths of 11 and 13
residues, respectively. Unlike the previous
examples this protein has no obvious insertions or
deletions.

RADAR (Heger & Holm13) reveals the sequence
data to contain 14 repeats of length 26 residues.
The RADAR repeat results (not displayed herein)
detect both parts of the a and b secondary units
within their repeat length, but fail to delimit the
repeat boundaries clearly and consistently. The
data for both rASA and H� are shown in
Figure 7(b) and (c); from these it is dif®cult to dis-
cern the repeating motif or the secondary structure



Figure 6 (legend shown on page 356)
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components. Fourier spectra of the ASA data
(Figure 7(d)) reveal a large spike at 3.6 residues,
indicative of the periodicity associated with an
a-helix. Spikes also occur at 14 and 29 residues,
and these may represent the a-helix unit (average
length 12.53 residues) and the repeating motif. The
H� spectrum (Figure 7(e)) is less clear with little
trace of the repeating motif at 29 residues and a
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Figure 6. Fourier and wavelet analysis of the TIM barrel 1tim chain A. (a) Rasmol cartoon of 1tim chain A. (b) and
(c) rASA and H� data. (d) and (e) rASA and H� Fourier spectra. (f) and (g) rASA and H� scalograms. (h) and (i)
rASA and H� Fourier scale transforms. (j) Wavelet maxima for rASA and H� at residue scale 28. (k) Rasmol rep-
resentation of rASA maxima. (l) Rasmol representation of H� maxima. (m) Wavelet minima for rASA and H� at
residue scale 20.

Figure 7 (legend shown on page 358)

356 Wavelet Transforms



Figure 7 (legend shown on page358)
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number of noisy high energy spikes residing in the
range two to ®ve residues, although an indication
of the a-helix subunit is given by the small peak at
14 residues.

The rASA scalogram (Figure 7(f)) displays a
dominant series of features for the entire length of
the data at a scale centered at 14 residues, which
are deemed to result from exposed residues which
border the a-helix subunit. Additional large high
amplitude features are exhibited at residue scales
40 to 100 at the beginning and ends of the scalo-
Table 3. Structural summary for 1dfj chain I

aNumbered according to RCSB PDB.
gram, resulting from the ends of the polypeptide
being exposed, as seen for the coiled coil 1d7m.
Evidence of the repeating motif occurs throughout
the entire length of the data at a residue scale of
approximately 30 residues. Investigation of the H�
scalogram (Figure 7(g)) reveals a series of features
centered at approximately 30 residues, which are
obvious over the ®rst part of the data; in the
second half large high period features are exhibited
along with an intermittent range of features at a
residue scale of approximately 14 residues, which



Figure 7. Fourier and wavelet analysis of LRR ribonuclease inhibitor. (a) Rasmol cartoon of LRR ribonuclease
inhibitor. (b) and (c) rASA and H� data. (d) and (e) rASA and H� Fourier spectra. (f) and (g) rASA and H� scalo-
grams. (h) and (i) rASA and H� Fourier scale transforms. (j) and (k) Extrema for H� and rASA at 14 residues (j) and
28 residues (k). (l) Rasmol representation of rASA wavelet maxima. (m) Rasmol representation of H� wavelet max-
ima. (n) Rasmol representation of REP server results, black residues indicate no motif.
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may correspond to the residues near the termini of
the a-helix subunit. The Fourier scale transform for
rASA (Figure 7(h)) displays the low frequency arti-
facts associated with the exposed protein ends and
also the ba motif and a-helix subunit clearly. H�
results are less de®ned with a number of low fre-
quency features evident (as also seen in the corre-
sponding scalogram) although evidence of the ba



Wavelet Transforms 359
motif and a-helix subunit are displayed at higher
frequencies (Figure 7(i)).

Further analysis of the wavelet data at a wavelet
scale of 14 residues is shown by wavelet maxima
for both data in Figure 7(j) along with three state
secondary structure. These results show that rASA
maxima are consistent detectors of a-helix termini
with 15 of the 16 subunits delimited. H� maxima
border the termini of ten a-helices but with numer-
ous additional, apparently random, maxima. These
results indicate that the regions surrounding the a-
helix termini are locally the most exposed at this
scale of investigation. Figure 7(k) depicts rASA
and H� wavelet minima, at a scale corresponding
to 30 residues. As might be expected for such a
structure displaying obvious regular repeating
motifs with few or no insertions or deletions, the
rASA wavelet transform minima are excellent
motif detectors. In comparison the H� results lack
the accuracy of rASA but typically delimit the
repeating motif to an average accuracy of 4.53 resi-
dues. Discrepancies arise in this case from both
over and underdetection of the motif limits. To
assist interpretation of these results cartoons of the
wavelet data are displayed in Figure 7(l) and (m).
Also displayed (Figure 7(n)) is a protein sequence
motif result from the REP protein server10 (avail-
able from URL: (http://www.embl-heidel-
berg.de/ � andrade) where black colored structure
indicates that no motif has been found. It is
observed that this method fails to accurately deli-
mit the ba motif properly, often locating the motif
start at the end of the a-helix subunit. Furthermore
the REP server only predicts the location of 6 of
the 15 repeating motifs. Visual comparison of
rASA, H� and REP cartoons indicates that the
wavelet based methods are the more consistent
predictors in this case. Studies of other LRR struc-
tures indicate that both rASA and H� are good
predictors of the ba repeat motif in these cases.

Discussion

Protein repeats are important as they are very
common and clearly re¯ect the evolutionary devel-
opment of stable proteins. Here wavelet transform
analysis for the detection and characterization of
repeating motifs from rASA and H� data can be
considered a success for all but the coiled coil of
cortexillin I (using the H� data), although these
data provide information on the location of inter-
helical salt bridges. Furthermore, by investigating
high energy scales smaller than the motif scales it
is possible to characterize the motif. For example
wavelet maxima at a scale of 11 residues indicate
the presence of hydrophilic b-turns in the propellor
motif of 1hxn for both structural and sequence
data. We also note a typically strong correlation
between rASA and H� data. Using a novel 2D
Pearson correlation measure this correlation can be
quanti®ed for each scale against all other scales.
Details of this measure are given in the Appendix.
Figure 8 displays the 2D correlation measure for
the four polypeptides tested; the topology of each
correlation map differs, indicating that the relation-
ship between rASA and H� data varies with struc-
ture. In this work correlations are considered
statistically signi®cant if R > RS , where RS is the
signi®cant correlation calculated at a con®dence
level of P < 10ÿ9 from statistical tables. Values of
RS for the test proteins are displayed in the
Figure legend. For haemopexin (Figure 8(a)) there
is a strong correlation between 5 and 15 residues
indicative of the wavelet coef®cients associated
with b turns and hydrophilic b-strands evident in
both data (see Figure 4(f) and (i)-(l)). At larger
scales (40-60 residues) a second area of strong cor-
relation (R > 0.6) corresponds to the scales where
the motif is evident in both data. As might be
expected the correlations displayed for cortexillin I
are weaker than haemopexin (Figure 8(b)) with no
correlations greater than RS. The strongest corre-
lation occurs at approximately three residues for
both data and may correspond to the heptad
repeats (period 3.5 residues) exhibiting some agree-
ment with the small scale multi period structure of
the H� data. The correlation measure for triose-
phosphate isomerase (Figure 8(c)) indicates that
the data are well correlated (R > 0.5) with each
other at all but the smallest scales (less than ®ve
residues). No peak is displayed at 28 residues (the
average motif scale) although the correlation
approaches 0.5 here; this is unsurprising consider-
ing the varying length of the motif (see Figure 6(f)-
(i)). Indeed, all motif scales are well correlated,
with R values tending to grow stronger at the lar-
ger scales; this may indicate that H� data may be
useful for tertiary structure prediction for this type
of protein. Further investigation is clearly war-
ranted here. The ribonuclease inhibitor (Figure 8(d))
displays some correlation in the region 5-15 resi-
dues; this results from the wavelet coef®cients that
are associated with the a-helix termini in the pro-
tein structure. Little correlation is displayed at the
motif scale (28 residues) and resulting from the
inability of the H� data in some instances to detect
the location of the motif, when compared to the
more informative rASA data. At scales 40-60 resi-
dues a secondary correlation is evident, but the sig-
ni®cance of this correlation in relation to the
protein structure is doubtful. Therefore, any corre-
lations displayed must be related to their wavelet
scalograms and the protein structure to validate
their biological signi®cance. It should be noted that
this correlation measure may prove useful for
detecting structural repeats from sequence data
alone, where a query sequence is aligned and then
correlated with a sequence known to contain
repeats. Additionally, for highly degenerate
sequences with few indels this technique could be
used to complement existing sequence-repeat
detection methods.

The results described in this paper indicate that
H� data can provide useful information on repeat-
ing motifs and their topology, but with the caveat

http://www.embl-heidelberg.de/~andrade
http://www.embl-heidelberg.de/~andrade


Figure 8. Pearson 2D correlation measure for rASA and H�. Axis units are residue scale. (a) 1hxn, RS � 0.35; (b)
1d7m chain A, RS � 0.50; (c) 1tim chain A, RS � 0.33; (d) 1dfj chain, RS � 0.25.
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that wavelet transformations cannot easily detect
insertions and deletions. However, this wavelet-
based repeat detection method, with some re®ne-
ment (see below), can be used to complement and
validate other repeat/structure prediction
methods, particularly when the target structure has
low sequence similarity. The wavelet repeat meth-
od depends on the Fourier scale transform to
detect the residue scale where the repeating motifs
are displayed. This technique works best when the
repeats are of similar lengths and there are no or
few insertions and deletions. But for more complex
repeats such as 1tim the motif scale can be less
obvious, although using the wavelet scalogram,
combined with the Fourier scale transform to
{ D.L. Donoho & I.M. Johnstone: http:
/www-stat.stanford.edu/~donoho/Reports/index.html
resolve a suitable scale for further analysis, has
proved successful. The Fourier scale transform also
proved useful for ®nding an appropriate scale
where insertions can be isolated from the motifs.
This approach, however, is laborious and dif®cult
and consequently awkward to automate, although
the introduction of a multi-scale wavelet threshold-
ing scheme{ may provide a robust way of detect-
ing varying length motif repeats. Such a method
shrinks or eliminates coef®cients below a certain
threshold; a denoised signal, containing the repeat
motifs, is then recovered by inverse transforming
the wavelet coef®cients. Finally, the location and
type of repeats is unknown in most proteins, and
consequently it becomes highly subjective to assess
the quality of repeat detections for a given protein,
from either sequence or structure. Thus, the next
step in this study is to utilize purely structural
data to identify where the repeating motifs reside

http://www-stat.stanford.edu/~donoho/Reports/index.html
http://www-stat.stanford.edu/~donoho/Reports/index.html
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with respect to insertions and deletions. Our wave-
let based work has revealed that rASA carries
insuf®cient information to predict the location and
length of repeating motifs (e.g. protein secondary
structure elements are not explicitly de®ned). It is
hoped, however, that analysis of the protein 3D
coordinates by SSAP (secondary structure align-
ment program; Orengo & Taylor41), combined with
the wavelet techniques detailed here, will prove to
be a suitable method to characterize repeating
motifs from the structure. With a library of struc-
tural repeats it should be possible to improve the
quality of repeat detection from sequence.
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Appendix

Analyzing wavelets fall into two general cat-
egories, continuousA1 and discrete.A2 The choice of
wavelet function used for analysis depends on a
variety of factors including speed of computation,
the shape of signal-speci®c features, the frequency
resolution and the statistical analysis to be per-
formed. The continuous and discrete transforms
each have their own favorable properties. Due to
.

its redundancy, or overspeci®cation of the signal,
the continuous transform is computationally
expensive and strictly speaking does not lend itself
well to statistical analysis.A3 ± A5 However, it is
superior in feature detection and localization due
to its denser arrangement of temporal locations
and spatial scales when compared with the sparse
dyadic grid structure of the discrete transform.
Consequently, continuous wavelets are the pre-
ferred method for resolving repeating protein
motifs.

In order to be classi®ed as a wavelet a function
must have ®nite energy, and it must satisfy the fol-
lowing admissibility condition:

Cg �
Z 1
ÿ1

jĝ�o�j
o

do <1 �A1�

where jĝ�o�j is the Fourier transform of g(t), i.e. the
wavelet must have no zero frequency component
and hence have zero mean. Cg is known as the
admissibility constant (which is equal to p for the
Mexican hat wavelet) and is essential for energy
calculations and the inverse wavelet transform.

Conversion of the wavelet a scale (which is a dis-
tance scale) to a related frequency requires knowl-
edge of the passband center of the wavelet
transform, which is given by:

o0 �

Z
ÿ0

ojĝ�o�j2doZ 1
ÿ0

jĝ�o�j2do
�A2�

For the Mexican hat wavelet with a � 1, o0 is equal
to

��������
5=2
p

rad/s (�1.58 rad/s), or in Hertz
fc � 0.251 Hz. The frequency, f, associated with any
(other) a scale is f � fc/a, or simply f � 0.251/a.

To determine the correlation between rASA and
H� in wavelet space a novel 2D Pearson corre-
lation measure is employed. Traditionally Pear-
son's correlation coef®cient R is calculated for the
entire data sets to give a global measure resulting
in a single value. However, we propose to calcu-
late Pearson's R value for all scales against each
other, producing a correlation matrix. This
�A3�
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approach enables a more useful pseudo-local
assessment of which scales in the data share com-
mon features. The correlation measure is de®ned
as:
where A(a,b) and H(c,b) are the accessibility and
hydrophobicty wavelet coef®cients indexed by
scales a and c and location b. A correlation of 1 or
ÿ1 means there is perfect positive or negative line-
ar relationship between the data. A correlation of 0
means that there is no meaningful relationship. To
test if the correlation measure is sensitive to the
level dependant normalization of the wavelet coef-
®cients, this work was repeated for the often used
aÿ1 normalization.A6 (an aÿ1/2 normalization is
used herein (see equation (1)), this results in all
statistically signi®cant correlations being preserved
but with slightly lower correlation values (not
shown herein).
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