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Abstract

This paper proposes an efficient conserved region detection method for multiple protein sequences. Instead of detecting conserved
regions directly from the set of all participatory protein sequences, the proposed method separates the detection process as two stages.
In the fist stage, a serial of principal component analysis (PCA) techniques are applied to infer the common ancestor protein from the
participatory proteins based on a hypothetical evolutionary history. Then, wavelet transform is employed to derive conserved regions
from the common ancestor protein in the second stage. The detected conserved regions are considered as the common conserved regions
of the original protein sequences. A set of experiments indicate that the two stage strategy makes the proposed method not only prevents
the residue divergence problem but also increases the detection accuracy and efficiency.

© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

A conserved region in a protein sequence is the region
composed of a number of successive amino acids that car-
ries specific functional importance for the protein sequence
(Orengo et al., 2003). During the molecular evolution, the
amino acids within a conserved region appear to resist
mutations, whereas others tend to make diverse substitu-
tions. The characteristic of a conserved region causes the
ancestor protein remain important functions to its children
proteins. The conserved regions all appeared in a set of
proteins sequences can be considered as the common pat-
terns for theses sequences. The patterns are tremendously
useful for biologists in protein analysis tasks, such as
unknown protein classification, protein structure identifica-
tion, protein family annotation, and so on. Therefore, how
to detect the conserved regions from a set of protein
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sequences has been one of the major focuses in the fields
of bioinformatics.

Traditional conserved region detection methods are
divided into five main categories, including symbol fre-
quency, symbol entropy, stereochemical property, muta-
tion data and weighted sequence methods. Before
performing these methods, all protein sequences are pre-
processed by a multiple sequence alignment (MSA) task.
MSA makes all aligned protein sequences have the same
length for acquiring further protein homology information
(Chan et al., 1992). Then, based on the scoring principle of
the adopted method, the conservation score of each aligned
column is calculated by involving all participatory proteins.
The conservation score of an aligned column represents the
degree that the column falls into a conserved region. The
higher the conservation score for the aligned column,
the higher the possibility that the aligned column belongs
to a conserved region.

Symbol frequency-based methods (Wu and Kabat,
1970; Jores et al., 1990; Lockless and Ranganathan,
1999) consider amino acids as symbols in a uniformly
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diverse alphabet and focus on the relative frequency of
these symbols, but do not account for sequence redun-
dancy in the alignment. Symbol entropy-based methods
(Shannon, 1948; Shenkin et al., 1991; Gerstein and Altman,
1995) which are the specialization of symbol frequency-
based methods, consider the relative frequencies of symbols
using Shannon’s entropy or its variations. Stereochemical
property-based methods (Williamson, 1995; Mirny and
Shakhnovich, 1999) identify conserved regions from the
stereochemical properties of the amino acids in each
aligned column of the alignment. Mutation data-based
methods (Karlin and Brocchieri, 1996; Lichtarge et al.,
1996; Thompson et al., 1997; Armon et al., 2001) quantify
stereochemical variability in each aligned column of the
alignment using the mutation data of a specific substitution
matrix, such as BLOSUMS®62, PAMI120, and so on.
Weighted sequence-based methods (Sander and Schneider,
1991; Landgraf et al., 1999) not only detect conserved
regions, but also implement multiple sequence alignment.
Except the above methods, Valdar (2002) proposed a syn-
thetic conserved region detection method which benefits
from the advantages of symbol entropy and stereochemical
property-based methods. Thus, whether an aligned column
is included within the conserved region or not depends on
its symbol diversity, stereochemical diversity, and gappi-
ness. Although these methods are diverse in their scoring
principles and approaches, they share a common character-
istic: the evaluation of the conservation score needs to take
all participatory proteins into account simultaneously. As
the number of participatory protein sequences increases,
however, residue divergence in each aligned column grows
dramatically. The problem becomes worse especially when
the participatory protein sequences share less than 25%
sequence identity (Rost, 1999).

To avoid this problem, a novel conserved region detec-
tion method is proposed in this paper. Instead of detecting
conserved regions directly from the set of all participatory
protein sequences, the proposed method separates the
detection process into two stages. The fist stage is to infer
the common ancestor protein of the participatory proteins
based on a reasonable molecular evolutionary relationship,
then deriving the conserved regions from the common
ancestor protein in the second stage. This is based on the
truth that the conserved regions appeared on the ancestor
protein are similar to the ones appeared on its children pro-
teins. For that reason, the detection result based on the
common ancestor protein theoretically is close to the result
based on its children proteins. Therefore, conducting con-
served region detection for a single protein, i.e. the com-
mon ancestor protein, not only prevents the residue
divergence problem but also increases the detection accu-
racy and efficiency.

Furthermore, in a protein the amino acids within a con-
served region reveal stronger functional responses than
other amino acids. The functional response of each amino
acid is a numerical value which can be measured from
physical or chemical experiments. For example, electron—

ion interaction potential (EIIP) is one of common func-
tional responses which describe the energy of the delocal-
ized electrons of each amino acid (Cosic, 1994). By
introducing the EIIP values of all amino acids, the expres-
sion format for each protein can be represented as a numer-
ical vector composed of amino acid’s functional responses
instead of using the original string sequence composed of
amino acid’s alphabets, which is another important feature
of the proposed method. Besides considering the character-
istic of conserved regions, the conserved region can be
quickly detected through this transformation because the
sections in a numerical vector with higher functional
responses can be identified easily.

The rest of this paper is organized as follows. The over-
all process of the proposed conserved region detection
method is gone into particulars in Section 2. Section 3 ana-
lyzes the performance of the proposed method using a
number of benchmark datasets. The detection results are
then compared with a popular conserved region detection
tool to show the merit of the proposed method. Section 4
evidences the usage feasibility of the proposed method in
practice. Finally, a summary and conclusion are presented
in Section 5.

2. The proposed conserved region detection method

This section presents an efficient method to detect con-
served regions for multiple protein sequences. The proposed
method consists of four major processes including multiple
sequence alignment, string—vector transform, ancestor
inference, and conserved region detection. Fig. 1 illustrates
the framework of the proposed method where the four
major processes are highlighted with shaded color." To
clearly explain the proposed method, five protein
sequences, 1ABOA, 1YCSB, 1PHT, 1HVA and 1BBY,
acquired from the dataset “laboA_refl-reference 1” in
the benchmark alignment database BAIIBASE (http://
www-igbme.u-strasbg.fr/Biolnfo/BAIIBASE2), serves as
the example sequences in the following introduction. The
details about the BAIIBASE database can be referred to
Thompson et al. (1999).

2.1. Multiple sequence alignment

Similar to traditional conserved region detection meth-
ods, the first process of the proposed method is to conduct
multiple sequence alignment (MSA), so that all original
protein sequences are aligned as equal-length sequences.
To fulfill the need, a popular global MSA tool, called Clu-
stalW (http://www.ebi.ac.uk/clustalw), is adopted in this
research. In ClustalW, the pairwise similarity scores for
these original protein sequences are first calculated using a
fast approximate approach (Bashford et al., 1987). Then,

! For interpretation of color in Fig. 1, the reader is referred to the web
version of this article.
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Fig. 1. The framework of the proposed conserved region detection
method.

an unrooted tree is constructed using the neighbor-joining
approach based on the calculated pairwise similarity scores
(Saitou and Nei, 1987). Subsequently, the root of the
unrooted tree is placed by the mid-point manner (Thomp-
son et al., 1994b), so that the rooted tree is considered as
a phylogenetic tree used to direct the progressive alignment
for all protein sequences. Note that the rooted phylogenetic
tree describes the evolutionary history of these protein
sequences and will serve as the input in the third process

Original protein sequences

of the proposed method, ancestor inference. The detail
description of ClustalW algorithm can be found in (Thomp-
son et al., 1994a). After manipulating ClustalW, the align-
ment result of the five example protein sequences, as well
as their phylogenetic tree, are shown in Fig. 2. Note that

[T3EE]

a gap in an aligned protein sequence is represented as ““-”.

2.2. String—vector transformation

As mentioned above, in a protein the amino acids within
a conserved region reveal stronger functional responses
than other amino acids. The functional response of each
amino acid can be measured from physical or chemical
experiments and represented by a numerical value. For
example, electron—ion interaction potential (EIIP), describ-
ing the energy of the delocalized electrons of each amino
acid, is one of the most common functional responses.
When each amino acid is descried by its corresponding
EIIP value, therefore, all aligned protein sequences repre-
sented by alphabet string format can be transformed into
to the numerical vectors consisting of a series of func-
tional response values. Fig. 3 illustrates that the five exam-
ple aligned protein sequences are represented by five
numerical protein vectors according to EIIP. Note that
the functional responses of amino acids can be referred
to AAindex database (http://www.genome.ad.jp/dbget/
aaindex.html) which stores up to 516 response values of
amino acids (Cosic, 1994), and the functional responses
of a gap represented as ““-” are substituted by zeros.

2.3. Ancestor inference

Through string—vector transformation, an original pro-
tein sequence is represented as a vector x;=I[x;, -,
Xjj»+ - Xin] where x;; is the functional response of the jth

*GI|1ABOA
HLFYALYDFYASGDHTLS ITKGEKLRVLGYNHHEL WCERQTKHGQGUVPSHY LTPUH

PRT[1vesD
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GYQYRALYDYKKEREEDIDLHLGDILTUNKGSLUALGFSDGOEARPEE IGULHGYNETTGERGDFPGTYVEYIGRKK ISP

HFKUQAQHDYTATDTDEL QL KAGDUULUTPFOHPEEQDEGUL HEURE L

TERUD

ClustalW

Phylogenetic tree
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N
] GI|1HVA

GI|1BBP

Fig. 2. The alignment result of the five example protein sequences using ClustalW.
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Fig. 3. The string—vector transformation process of the five aligned protein sequences.

residue of the ith protein vector and #n is the number of res-
idues. In one molecular evolution during overall evolution-
ary history, assume a parent protein vector y = [y, -,

T . N

V5o, ¥,  generates m children protein vectors
X1, X, X,,. Therefore, the process of this molecular
evolution among y and xy,-- -, X, - -, X,,, can be represented
as

X|=w XYy

é[xh'”axia"'vxm]:yx[le"'7wia"

Xy = Wy XY

where w={[wy, ---,w;, ---,w,] is a m-dimension vector in
which the ith element w; represents a scale used to translate
the parent protein vector y into the ith children protein vec-
tor x;. If any a children protein vector x; and its corre-
sponding translation scale w; are known for all i, the
parent protein vector y can be inferred by the Eq. (2),
which is derived from Eq. (1).
y=1/w xx; or

(2)

y=1/w, 1 xx,, or

y=1/w, xx,
Unfortunately, the translation vector w is intrinsically
unknown. To infer a meaningful parent protein vector y

under the source-blind situation, this paper applies princi-
pal component analysis (PCA) technique (Jolliffe, 1986)
to estimate a vector w = [wl, sty from the m
children protein vectors reasonably. PCA i 1s an important
and essential technique for data reduction, image com-
pression, and feature extraction (Fortuna and Capson,

2004; Guru and Punitha, 2004). Let an n x m matrix D

W =y X W (1)

record all m children protein vectors of lengths are n
equally. That is, each of m columns in D represents a
children protein vector, whereas the n rows in D represent
the n residue elements of m children protein vectors.
When each column in D has standardized to have zero
mean and unit variance, the covariance matrix of D
equals to D'D. By implementing PCA on DD, the eigen-
vector v; corresponding to maximum eigenvalue 7,
among m eigenvalues is retrieved to represent w'. The de-
rived eigenvector v; (=w') makes the parent protein vec-
tor y, i.e. the first principal component, be capable of
distinguishing its m children protein vectors as well as
possible. Consequently, the parent protein vector y can
be calculated by Eq. (2).
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However, applying PCA to infer the common ancestor
protein vector directly from all participant protein vectors
could be problematic if the molecular evolutionary rela-
tionships among these proteins are not considered. In the
proposed method, therefore, the common ancestor protein
inference is guided by the phylogenetic tree generated by
ClustalW. The phylogenetic tree provides a hypothetical
evolutionary history depicting how the current proteins
(leaf nodes of the tree) are diverged from hypothesized pro-
teins (internal nodes of the tree), and how the hypothesized
proteins are evolved from the common ancestor protein
(root node of the tree) during the molecular evolution.
By following the branching order in the tree, the common
ancestor protein vector at the top level of the tree can be

A GI[1ABOA
C GI[1YCSB
D B GI[1PHT

GI[1HVA

GI|1BB9
A is the parent of 1ABOA and 1YCSB.
B is the parent of 1PHT and 1HVA.
C is the parent of A and B.
D is the parent of C and 1BB9.

iy

D is the common ancestor.

Fig. 4. The hypothetical evolutionary history for the five example
proteins.

Nl

1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85

0.1 -
0.05
0

1 5 9 13 17 21 2529 33 37 41 45 49 53 57 61 65 69 73 77 81 85

| )
.

0.1

0.05

0.05

0
1 5 9 13 17 21 2529 33 37 41 45 49 53 57 61 65 69 73 77 81 85

Fig. 5. Inferring the hypothesized protein vector A from its two children
protein vectors using PCA approach.

inferred progressively from the participatory protein vec-
tors at the bottom level by applying a serial of PCA
approaches. Fig. 4 illustrates how a serial of PCA
approaches are applied to the five example protein
sequences by following the hypothetical evolutionary his-
tory described in the phylogenetic tree. It shows that the
hypothesized protein vector A is the parent of two protein
vectors IABOA and 1YCSB. Therefore, A can be inferred
from 1ABOA and 1YCSB through the proposed PCA
approach. Fig. 5 illustrates visually the inference process
for the hypothesized protein vector A. Similarly, the
hypothesized protein vector B is inferred from its two pro-
tein vectors 1PHT and 1HVA through the proposed PCA
approach, and then the hypothesized protein vector C is
inferred from these tow inferred protein vectors A and B.
Finally, the common ancestor protein vector D is inferred
from the C and 1BBY.

2.4. Conserved region detection

After completing the process of ancestor inference, the
common ancestor protein represented as a numerical vec-
tor is inputted to the conserved region detection process.
Sections with high functional responses in the ancestor pro-
tein vector are essentially considered as conserved regions.
Traditionally, a region is identified as the conserved region
if the functional responses of the residues in the region are
greater than a user specified threshold value. Although this
approach is easy to implement, it tends to tear one con-
served region into more than two separated regions if
any residue response is below the threshold value. This
makes the approach tends to generate many short and dis-
continue conserved regions since the functional responses
of adjacent residues are ignored.

To avoid the drawback, this research applies Haar
wavelet transform technique (Haar, 1910) to capture the
different degrees of gross features of the common ancestor
vector at different scales during the detection process. The
Haar wavelet transform uses recursive averaging and differ-
encing operations to act on the elements of the ancestor
vector, so that the ancestor vector can be smoothed while
keeping the detail information needed to reconstruct the
original ancestor vector from the smoothed version. In
the beginning, at the scale 0, the common ancestor vector
is considered as the initial scaling coefficient vector

¢y = [chli =1,---,n] where ¢} is the ith element of ¢, and
n is the length of ¢o. Then, the scaling coefficient vector
¢ =[c}|i=0,---,4 — 1], the smooth version of ¢, at the
scale j (j=1,---,logon), is recursively computed by averag-

ing pairs of consecutive elements of ¢;_;. The averaging
operation on pairs of consecutive elements of ¢;_; to gener-
ate the elements of ¢; is shown as Eq. (3). Similarly, the
wavelet coefficient vector d; = [d}[i=0,---,%— 1], the
detail version of ¢, at the scale j (j=1,- - -,logon), is recur-
sively computed by differencing pairs of consecutive ele-
ments of d;_,. The differencing operation on pairs of
consecutive elements of d;_; to generate the elements of
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d; is shown as Eq. (4). Note that the length of ¢; and d;
equal to the half length of ¢;_j,

Cl- — ( cZi +

J Jj-1

CZHI) (3)

j—1

N — N —

&) = (@, — ) @)

At each scale j, an approximation vector 4; can be gen-
erated by duplicating each element of ¢; (j+1) times after ¢;
has been obtained. A; represents the vector that describes
the smoothed result of the common ancestor vector ¢, at
the scale j. Note that the lengths of all approximation vec-
tors at all scales are the same with the length of ¢, n.
Accordingly, the conserved region detection at different
scales can be conducted based on all these approximation
vectors. The transformation process is continued until the
length of ¢; equals to 1 or the total lengths of all conserved
regions detected from A, is less than the half length of .
For example, let an ancestor protein vector ¢, be
(9,7,3,5). At the scale 1, the scaling coefficient vector ¢,
is (8,4) after taking the average of elements {9,7} and
{3,5} in ¢y, respectively, whereas the wavelet coefficient
vector d; is (1,—1) by taking the average difference of ele-
ments {9,7} and {3,5} in ¢, respectively. Accordingly,
the first approximation vector A; of the ancestor protein
vector is obtained as (8, 8,4,4) by duplicating each element
in ¢; =(8,4) twice. Similarly, at the scale 2, the scaling
coefficient vector ¢, = (6) is calculated by taking the aver-
age of elements {8, 4} in ¢;, and the second approximation
vector A, = (6,6,6,6) is generated by duplicating single ele-
ment in ¢, = (6) four times. Because the length of ¢, equals
to 1, the transform process is finished. Fig. 6 illustrates the
procedure of applying Haar wavelet transform to generate
its two approximation vectors A; and A4,.

Let p; be he average of all n elements in A; at the scale j
and be formulated by the following equation:

1 n
By =X fok (5)
no4=

where xj is the value of the kth element in 4,. The average
1 is then used to determine whether each element x; in A;
is included within the conserved regions at the jth scale or
not. If x; > p;, x5 can be within the conserved regions at

the jth scale; otherwise, x; can not within the region.
The average-based criterion makes the conserved region
detections at each scale be very efficient. Fig. 7 shows the
procedure of using the average-based criterion to progres-
sively detect conserved regions at different scales. At the
scale 2 in Fig. 7, for example, there are four sections of res-
idues in which their EIIP values are larger than the average
0.0204. They are from the st residue to the 12th residue,
from the 17th residue to the 28th residue, from the 52th res-
idue to the 56th residue, and from the 70th residue to the
80th residue. Therefore, these four sections are considered
as conserved regions at the scale 2. In addition, the sum of
lengths of these conserved regions detected at the scale 2 is
40 (=124 12+ 5+ 11), less than the half length of the
ancestor protein vector (=88 x 1/2), so that the progressive
detection process is stopped at the scale 2.

Finally, all conserved regions detected at different scales
are aggregated together to form final conserved regions for
the ancestor protein vector. The aggregation is similar to
the “OR” logic operation in which the result is TRUE
(i.e. one) if the value of an element in any region is TRUE
(i.e. one or non-zero). Note that the conserved regions
detected from the first approximation vector A4; are not
aggregated since the length of a conserved region at the
scale 1 generally is less than three resides. For example,
as shown in Fig. 7, the progressive detection process for
the five example proteins is stopped at the scale 2. There-
fore, no aggregation is required in this case. Fig. 8 shows
another aggregation example using different protein data-
set. It is found that there are four conserved regions at scale
2 and two conserved regions at scale 3. After aggregating
the conserved regions at the two scales, three regions are
detected as the common conserved regions of the new pro-
tein dataset.

3. Implementations

To show the performance of the proposed conserved
region detection method, nine datasets in the first reference
set of BAIIBASE database are served as benchmark data
since the conserved regions in each dataset have been iden-
tified using the PDBsum database (Laskowski et al., 1997),
and aligned as well as the secondary structure elements by

Scale =0 Scale = 1 Scale =2

10 10 10

] \\ 8 \ 8

6 \ 6 \ 6

4 ~ 4 4
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0 L L ! 0 L L | 0 I L )
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Fig. 6. Two approximation vectors generated by Haar wavelet transform.
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manual verification and adjustment. Table 1 describes the  conserved region detection tool, named Scorecons (http://
characteristics of the nine datasets. In addition, a popular ~ www.ebi.ac.uk/thornton-srv/databases/cgi-bin/valdar/
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Table 1
The characteristics of the nine datasets

623

Dataset name Type

Number of sequences

Alignment length Average percent identity (%)

laboA (SH3)

laab (high mobility group protein)
laho (toxin II)

1bbt3 (foot-and-mouth disease virus)
lad2 (ribosomal protein 11)

lamk (triose phosphate isomerase)
lajsA (aminotransferase)

lac5 (carboxypeptidase)

lad3 (aldehyde dehydrogenase)

Short, <25% identity
Short, 20-40% identity
Short, >35% identity
Medium, <25% identity
Medium, 20-40% identity
Medium, >35% identity
Long, <25% identity
Long, 20-40% identity
Long, >35% identity

N NG NS I N S N Y

88 18
82 30
76 44
233 14
221 31
258 49
447 14
524 29
459 47

scorecons_server.pl), is compared in this study. The
detail introduction of Scorecons tool can be referred
in (Valdar, 2002).

Scorecons and our proposed methods both apply Clu-
stalW to conduct the MSA task so that their alignment
results are the same. All parameters in Scorecons are set
as defaults suggested by the developer. If the conservation
score of an aligned column given by Scorecons is larger
than the average of conservation scores of all aligned col-
umns, the column is included within the conserved region
by Scorecons. Two common measures Precision and
Recall, widely used in the domain of information retrieval
(Witten and Frank, 1999), are employed to evaluate the
performance for the two methods. Precision and recall
measures are calculated based on a confusion matrix,
which is illustrated in Fig. 9. Note that the true locations
of conserved regions occurred on all protein sequences in
each dataset have been reliably marked with the under-
scored columns, i.e. the core block in the alignment result
for each dataset shown in the BAIIBASE database. The
higher the precision and recall measures, the higher the per-
formance of a method is.

The precision and recall measures of the two methods
after testing the nine datasets are listed, respectively, in
Table 2. As shown in Table 2, the average precision mea-
sure of the proposed method is 79.24%, whereas the aver-
age precision measure of Scorecons is 59.75%. We further

Actual
Detected True False
Positive TP FP
Negative N FN

Precision = TP / (TP + TN) Recall = TP / (TP + FP)

TP : # of the columns which are detected as conserved regions (Positive), and
are the conserved regions in fact (True).

TN : # of the columns which are not detected as conserved regions (Negative), but
are the conserved regions in fact (True).

FN : # of the columns which are not detected as conserved regions (Negative), and
are not the conserved regions in fact (False).

FP : # of the columns which are detected as conserved regions (Positive), but

are not the conserved regions in fact (False).

Fig. 9. The definition of precision and recall measures.

conduct the statistical paired ¢-test (Goulden, 1956) for
the precision measures of the two methods and the test
result shows the proposed method is significantly superior
to Scorecons in terms of precision measure since the
obtained P-value is less than 0.001. On the other hand,
the recall measure of the proposed method is 60.45% which
is smaller than 65.46% of Scorecons. However, when the
two methods are compared in terms of the recall measure
using the statistical paired ¢-test, the obtained P-value
equals to 0.323, which means the proposed method is not
significantly inferior to Scorecons in terms of recall mea-
sure because the P-value is larger than 0.05. Overall, the
proposed method performs better in detecting conserved
regions than Scorecons.

To know the influences of datasets with different
sequence lengths, the nine datasets are grouped into three
types including short, medium and long sequence lengths.
The type of each dataset based on sequence length can be
found in Table 1. For example, the datasets of laboA,
laab and laho are the type of short sequence length. Figs.
10 and 11 illustrate the precision and recall measures,
respectively, for the three protein sequence lengths using
Scorecons and the proposed method. As illustrated in
Fig. 10, the precision measures of Scorecons and the pro-
posed method both tend to be downward slightly as the
protein sequence length increasing. With the statistical
paired z-test for the proposed method, it shows no signifi-
cant influences of different protein sequence lengths on

Table 2
The precision and recall measures for the nine datasets using two
conserved region detection methods

Dataset name  Scorecons The proposed method

Precision (%) Recall (%) Precision (%) Recall (%)
laboA 60.61 41.67 81.82 67.50
laab 57.14 70.59 76.34 65.38
laho 65.71 76.67 91.43 64.14
1bbt3 71.70 32.48 90.57 30.57
lad2 55.15 75.76 71.62 52.86
lamk 54.22 98.39 79.56 94.53
lajsA 45.45 3243 60.15 35.58
lac5 70.68 67.28 82.74 54.17
lad3 57.10 93.83 78.91 79.34
Average 59.75 65.46 79.24 60.45
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Fig. 11. Average recall comparisons for different protein sequence lengths.

the precision measure. When the protein sequence length
increases, the recall measure of the proposed method
declines gradually but the one of Scorecons fluctuates
unsteadily, depicted as Fig. 11. Similarly, with the statisti-
cal paired ¢-test for the proposed method, it shows no sig-
nificant influences of different protein sequence lengths on
the recall measure. Even if the length of a protein sequence
does not significantly influence on the two measures of the
proposed method, these experiments show the two mea-
sures still decreases slightly as the length of a protein
sequence increases.

Except the influence of sequence length, degree of shared
identity might result in critical impact to the performance
of the proposed method. To know the influence, the nine
datasets are partitioned into three identity types, including
“<25% identity”, “20-40% identity” and “>35% identity”.
The grouping result for each dataset based on degree of
shared identity can be found in Table 1. For instance,
laobA, 1bbt3 and lajsA are the type of “<25% identity”.
Figs. 12 and 13 summarize the precisions and recalls for
the three degrees of shared identities using Scorecons and
the proposed method, respectively. As depicted in
Fig. 12, when the degree of shared identity increases, the
precision measure of the proposed method increases
slightly, but the precision measure of Scorecons remains

Shared identity LD Scorecons @ our method

Fig. 13. Average recall comparisons for different degrees of shared
identities.

constant. On the other hand, in Fig. 13 the recall measure
of the two methods both increase gradually when the
degree of shared identity increases. With the statistical
paired ¢-test for the proposed method, it shows no signifi-
cant influences of different the degree of shared identity
on the precision measure, but there is a significant influence
on the recall measure. That is, the higher the degree of
shared identity, the higher the recall measure for detecting
conservation regions is. In addition, in the situation of low
degree of shared identity (i.e. ““<25% identity”), the preci-
sion and recall measures of the proposed method (i.e.
77.51% and 44.55%) are obviously greater than the ones
of Scorecons. It means that the proposed method has high
reliability to deal with the residue divergence problem
(Rost, 1999).

Finally, we examine the performances of the proposed
method using different phylogenetic tree construction
approaches since they maybe result in different common
ancestor protein vectors. Besides the neighbor-joining
approach adopted in ClustalW, the maximum parsimony
(MP) (Felsenstein, 1978) and the maximum likelihood
(ML) (Felsenstein, 1981) approaches are also frequently
used to construct the unrooted phylogenetic tree. PHYLIP
(http://evolution.gs.washington.edu/phylip.html) is a
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Table 3
The precision and recall measures for the nine datasets using three
phylogenetic tree construction approaches

Dataset MP ML Neighbor-joining
name Precision Recall Precision Recall Precision Recall
(%) (70) (%0) (%0) (%0) (%0)
laboA 79.64 64.32 80.31 66.45 81.82 67.50
laab 74.72 63.86 74.72 63.86 76.34 65.38
laho 91.43 64.14 91.43 64.14 91.43 64.14
1bbt3 86.27 28.85 87.34 29.16  90.57 30.57
lad2 70.82 51.48 70.82 51.48 71.62 52.86
lamk 79.56 94.53 79.56 94.53 79.56 94.53
lajsA 56.78 33.62 57.18 32.57  60.15 35.58
lacs 78.52 52.75 78.52 52.75 82.74 54.17
lad3 77.65 77.23 77.65 77.23 78.91 79.34
Average  77.27 58.98 77.50 59.13 79.24 60.45

package of programs for inferring an unrooted phyloge-
netic tree which can apply these three approaches, respec-
tively. After executing each of the three approaches, the
root of the unrooted phylogenetic trees can be placed using
the mid-point manner (Thompson et al., 1994b). In PHY-
LIP, the inputted data for MP and ML approaches require
the alignment result for multiple protein sequences, which
is different from the pairwise similarity scores using in the
neighbor-joining approach. For fair comparison in this
experiment, therefore, ClustalW is applied to generate
not only the sequence alignment result for MP and ML
approaches but also the pairwise similarity scores for
neighbor-joining approach. The precision and recall mea-
sures of the three phylogenetic tree construction
approaches after testing the nine datasets are listed, respec-
tively, in Table 3.

As shown in Table 3, when protein sequences have long
lengths or low degree of shares identity, such as 1bbt3,
lajsA and lac5 datasets, the precision and recall measures
of the neighbor-joining approach are superior to the results
of MP and ML approaches. In other datasets, the perfor-
mances using the three approaches are similar or equal.

For this research, therefore, the neighbor-joining approach
is an appropriate choice to construct the phylogenetic tree.

4. Demonstration for a practical case

After evidencing the performance of the proposed con-
served region detection method, the method is subse-
quently implemented for a real case to show its usage
feasibility. The Kabat database (Kabat et al., 1991) aims
at identifying the antibody combining site based on avail-
able protein sequences. In the Kabat database, nine protein
sequences categorized in the human immunoglobulin
JA-chain V-I region, including 1lhung, 1l1hubl, 11hunw,
IThuep, I1huwa, 1l1humm, llhuha, 1lhuvo, and llhunm,
are selected as the practical case in our demonstration.

First, the nine protein sequences are aligned using the
ClustalW tool, and the result of its multiple sequence align-
ment and phylogenetic tree are shown as Fig. 14. Then, the
nine aligned protein sequences are transformed into nine
numerical vectors according to the EIIP value of each
amino acid, which is shown as Fig. 15. Subsequently, the
EIIP vector of the common ancestor protein is inferred
using a serial of PCA approaches by following the branch-
ing order in the phylogenetic tree. The extracted EIIP vec-
tor of the common ancestor protein is shown as Fig. 16.

After extracting the common ancestor protein vector,
the Haar wavelet transform technique is used to detect
the conserved regions at different scales, including seven
conserved regions at scale 2 and three conserved regions
at scale 3. After aggregating the conserved regions at the
two scales, four regions are detected as the common con-
served regions of the nine protein sequences. Fig. 17 shows
the detected conserved regions at scale 2 and scale 3 and
the common conserved regions through the aggregation
step.

Finally, we compare the locations of conserved regions
detected by the proposed method, i.e. the four subse-
quences surrounded by red boxes in Fig. 18, and the true
conserved regions annotated in the Kabat database, i.e.

7777777777777777777 QSULTOQPPSUSAAPGQEUT ISCSGSSSHIGD-NFUSHYQQLPGTAPKLLIYDNNKRPSGIPDRFSGSKSGTSATLGI TGLOTGDEADYYCGTWDSSLSUGHF GEGTRUTULE
------------------- QSULTQPPSLSAAPGQRUS ISCSESSSHIGK-NYUDWYQQLPGTAPKLL IFNNNKRPSG IPDRFSGSHSGTSATLGITGLQTGPEAI YYCETWDNRRSU--FGEGTNUTUUE
MTCSPLLLTLLIHCTGSWAQSUL TQPPSUSAAPGQKUT ISCSGSSSHIGN-DYUSWYQQUPGTAPKLLIYDNNKRPSGIPDRFSGSHSGTSATLGI TGLQTGDEADYYCGTWNNSLSGWUFGEGTKLTULE
------------------- QSULTQPPSUSAAPGQKUTISCSBGSTHIGN-NYUSWHQHLPGTAPKLLIYEDNKRPSGIPDRISASKSGTSATLEI TGLRTGDEADYYCATWDSSLNAUUFGEGTKUTULG
------------------- QSULTQPPSUSGAPGQRUTISCTGSSSNIGAGNHUKWYQQLPCTAPKLLIFHNN-—-----ARFSUSKSGSSATLAITGLQAEDEADYYCQSYDRSLRU--FGEGTKLTULR
------------------- QSULTQPPSASGTPGQRUTISCFGSSSH-1GRYYUYWYQQLPGTTPKLLIYKDNQRPSGUPDRFSGSKSGTSASLAISCLRSEDEADYYCAAWDD--SLWUFGGETTLTULS
------------------- QSULTQPPSUSGTPGQRUTISCSGGSSHGTGNNYUYHYQQLPGTAPKLLIYRDDKRPSGUPDRFSGSKSCTSASLAISGLRSEDEAHYHCAAWDYRLSAVUFGGCTOQLTULR
------------------- QSULTQPPSASGTPGGRUT ISCSESSSNUGSNZPAYWYQQLPCTAPKLLIYNYNQRPSEUPDRFSASRSGTSASLAISGLQSEDEADYYCAAWDDSLDGYUFGTGTKUTULR
------------------- QSULTQPPSASGTPGQRUT ISCSCENFDIGRN-SUNWYQUHPGTAPRLLIYSSDQRSSGUPDRFSGSKSGTSASLAISGLQSENEADYFCATWDDSLDGPUFGEETKUTULE

(a) The multiple sequence alignment result

I1hung

I1huep
11hubl

IMhunw

IMhuwa

I1huha

Mhumm

_‘—D

Mhwvo
Mhunm

(b) The phylogenetic tree

Fig. 14. Multiple sequence alignment for the nine protein sequences using ClustalW.
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Fig. 15. Transforming the nine aligned protein sequences into nine numerical vectors.
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Fig. 16. The EIIP vector of the common ancestor protein extracted through a serial of PCA.
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Fig. 17. The conserved regions detected at scale 2 and scale 3 and their aggregation result as the common conserved regions.

Conserved region detected by the proposed method

SULTQPPSUSAAPGREUTISCSGSSYNIGD-NFUSUYQQLPGTAPKLL IYDNNKRPSGIADRFSGSKSGTSATLGITGLOTGDEADYYCGTUDSSLSUGHFGGGTRUTULG
SULTQPPSLSAAPGORUSISCSGSSYNIGK-RHYUDUYQQLPETAPKLL IF NNNKRPSGIADRFSGSKSGTSATLGITGLOTGDEAIYYCGTYDNRRSVU--FGGGTHUTUUG
SULTQPPSUSAAPGQKUTISCSGSSYNIGH-OYUSUYQQUPGTAPKLL IVDNNKRPSGIADRFSGSKSGTSATLGITGLQTGDEADYYCGTYNNSLSGWUFGGGTKLTYLG
SULTQPPSUSAAPGQKUTISCSGGSTNIGH-NYUSWHOHLPGTAPKLL IYEDNKRPSGIADRISASKSGTSATLGITGLRTGDEADYYCATUDSSLNAVUFGGGTRUTULG
SULTQPPSUSGAPGORUTISCTGSSYNIGAGHHUKUYQQLPGTAPKLL IF HNN-—--——-|ARFSUSKSGSSATLAITGLOAEDEADYYCQSYDRSLRU--FGGGTKLTULR
SULTQPPSASGTPGQRUTISCFGSSYN-IGRYYUYUYQQLPGTTPKLL IYKDNQRPSGUADRFSGSKSGTSASLAISGLRSEDEADYYCAAUDD--SLYWUFGGGTTLTULS
SULTQPPSUSGTPGORUTISCSGGSYNGTENNYUYUYQQLPGTAPKLL IYRDDKRPSGURDRFSGSKSGTSASLATSGLRSEDEAHYHCAAUDYRLSAUVUFGGGTQLTULR
SULTQPPSASGTPGGRUTISCSGSSYNUGSNAPAYUYQQLPGTAPKLL IYNYNQRPSGURDRFSASRSGTSASLAISGLOSEDEADYYCAAUDDSLDGYUFGTGTRUTULR
SULTQPPSASGTPGORUTISCSGGNAD IGRN{SUNUYQUHPGTAPRLL IVSSDQRSSGUADRFSGSKSGTSASLATSELOSENEADYFCATUDDSLDEPUFGGGTRUTULG

Kabat 91

—{ conserved regions }_{ conserved regions}—{ conserved regions Hconsewed regions}—

Fig. 18. The comparison between the locations of conserved regions detected by the proposed method and the ones annotated in the Kabat database
(Kabat et al., 1991).
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the locations of the four blue boxes on the Kabat9l
sequence line in Fig. 18. As illustrated in Fig. 18, the first
two and last true conserved regions are correctly detected
by the proposed method, but only a short section in the
third true conserved regions can not be fully recognized.
In addition, only a short false-detecting section occurred
in the last conserved region through the proposed method.
The calculated Precision and Recall measures are 95.6%
and 81.8%, respectively. In short, even though there are
two small errors in the detection result of the proposed
method in this case, the usage feasibility of the proposed
method is still reliable enough to be used in practice. Espe-
cially, the usage of the proposed method does not require
artificial involvements for setting parameters, so that it is
convenient for users to manipulate the proposed method.

5. Conclusions

A conserved region composed of a number of succes-
sive amino acids carries a specific functional importance
for a protein sequence. Therefore, conserved region
detection from multiple protein sequences has been one
of the major focuses in the fields of bioinformatics.
Instead of deriving conserved regions by considering all
original protein sequences simultaneously, this research
focus the conserved region detection on the common
ancestor protein of these protein sequences. At the begin-
ning of the proposed method, all protein sequences are
aligned using a specific multiple sequence alignment
(MSA) tool and transformed into numerical vectors in
advance. In the process of ancestor inference, principal
component analysis (PCA) approach is used to infer
the hypothesized proteins from the phylogenetic tree gen-
erated during MSA. Then, Haar wavelet transform is
employed to detect the conserved regions of the inferred
ancestor protein vector at different scales. Consequently,
the detected conserved regions are considered as the
common conserved regions of the original protein
sequences. A set of experiments indicate the proposed
method is more precise and efficient than a popular
detection tool — Scorecons in conserved region detection.
In addition, it is confirmed that the length of sequence
and the degree of shared identity both influence on the
performance of the proposed method.

The performance of the proposed method depends on
the inference quality of the common ancestor protein vec-
tor which is inferred based on a hypothetical evolutionary
history. Different evolution process will generate a different
common ancestor protein vector. Through our experi-
ments, the neighbor-jointing approach is more proper than
the MP and ML approaches for this research. Further-
more, the usage feasibility of the proposed method is reli-
able enough to be used in practice through our
demonstration for a practical case.

In the future, we will further study how to construct a
phylogenetic tree which describes the most meaningful evo-
lutionary history of the participatory proteins. In addition,

for a protein family, the conserved regions detected based
on various functional responses can be considered as the
family features. With these family features, protein analysis
tasks such as unknown protein classification, protein struc-
ture prediction, and protein family annotation can be con-
ducted more efficiently and effectively. Therefore, using
various functional responses to generate a number of fam-
ily features will be another interesting research topic in the
future.
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