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Sequence Analysis
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Abstract—In most pattern recognition algorithms, amino acids cannot be used directly as inputs since they are nonnumerical
variables. They, therefore, need encoding prior to input. In this regard, bio-basis function maps a nonnumerical sequence space to a
numerical feature space. It is designed using an amino acid mutation matrix. One of the important issues for the bio-basis function is
how to select the minimum set of bio-bases with maximum information. In this paper, we describe an algorithm, termed as rough-fuzzy
c-medoids (RFCMdd) algorithm, to select the most informative bio-bases. It is comprised of a judicious integration of the principles of
rough sets, fuzzy sets, the c-medoids algorithm, and the amino acid mutation matrix. While the membership function of fuzzy sets
enables efficient handling of overlapping partitions, the concept of lower and upper bounds of rough sets deals with uncertainty,
vagueness, and incompleteness in class definition. The concept of crisp lower bound and fuzzy boundary of a class, introduced in
RFCMdd, enables efficient selection of the minimum set of the most informative bio-bases. Some new indices are introduced for
evaluating quantitatively the quality of selected bio-bases. The effectiveness of the proposed algorithm, along with a comparison with
other algorithms, has been demonstrated on different types of protein data sets.

Index Terms—Pattern recognition, data mining, c-medoids algorithm, fuzzy sets, rough sets, bioinformatics.

1 INTRODUCTION

ECENT advancement and wide use of high-throughput

technology for biological research are producing an
enormous size of biological data. Data mining techniques
and machine learning methods provide useful tools for
analyzing these biological data. The successful analysis of
biological sequences relies on the efficient coding of the
biological information contained in sequences/subse-
quences. For example, to recognize functional sites within
a biological sequence, the subsequences obtained through
moving a fixed length sliding window are generally
analyzed. The problem with using most pattern recognition
algorithms to analyze these biological subsequences is that
they cannot recognize nonnumerical features such as the
biochemical codes of amino acids. Investigating a proper
encoding process prior to modeling the amino acids is then
critical.

The most commonly used method for coding a sub-
sequence is distributed encoding, which encodes each of
20 amino acids using a 20-bit binary vector [1]. However, in
this method, the input space is expanded unnecessarily.
Also, this method may not be able to encode biological
content in sequences efficiently. On the other hand,
different distances for different amino acid pairs have been
defined, by various mutation matrices, and validated [2],
[3], [4]. However, they cannot be used directly for encoding
an amino acid to a unique numerical value.
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In this background, Thomson et al. [5], Berry et al. [6],
and Yang and Thomson [7] proposed the concept of a bio-
basis function for analyzing biological sequences. It uses a
kernel function to transform biological sequences to feature
vectors directly. Bio-bases consist of sections of biological
sequences that code for a feature of interest in the study and
are responsible for the transformation of biological data to
high-dimensional feature space. Transformation of input
data to high-dimensional feature space is performed based
on the similarity of an input sequence to a bio-basis with
reference to a biological similarity matrix. Thus, the
biological content in the sequences can be maximally
utilized for accurate modeling. The use of similarity
matrices to map features allows the bio-basis function to
analyze biological sequences without the need for encoding.

The most important issue for bio-basis function is how to
select the minimum set of bio-bases with maximum
information. Berry et al. [6] used genetic algorithms for
bio-bases selection considering the Fisher ratio as the fitness
function. Yang and Thomson [7] proposed a method to
select bio-bases using mutual information (MI). In principle,
the bio-bases in nonnumerical sequence space should be
such that the degree of resemblance (DOR) between pairs of
bio-bases would be as minimum as possible. Each of them
would then represent a unique feature in numerical feature
space. As this is a feature selection problem, the clustering
method can be used, which partitions the given biological
sequences into subgroups around each bio-basis, each of
which should be as homogeneous/informative as possible.
However, the methods proposed in [6] and [7] have not
adequately addressed this problem. Also, not much atten-
tion has been paid to it earlier.
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In biological sequences, the only available information is
the numerical values that represent the degrees to which
pairs of sequences in the data set are related. Algorithms
that generate partitions of that type of relational data are
usually referred to as relational or pairwise clustering
algorithms. A well-known relational clustering algorithm is
c-medoids due to Kaufman and Rousseeuw [8]. The
c-medoids algorithm is applicable to situations where the
objects to be clustered cannot be represented by numerical
features, rather, only represented with similarities/dissim-
ilarities between pairs of objects. Therefore, the relational
clustering algorithms can be used to cluster biological
subsequences if one can come up with a similarity measure
to quantify the DOR between the pairs of subsequences. The
pairwise similarities are usually stored in the form of a
matrix called the similarity matrix.

One of the main problems in biological subsequence
analysis is uncertainty. Some of the sources of this
uncertainty include incompleteness and vagueness in class
definitions. In this background, the possibility concept
introduced by the fuzzy-sets theory [9] and rough-sets
theory [10] have gained popularity in modeling and
propagating uncertainty. Both fuzzy sets and rough sets
provide a mathematical framework to capture uncertainties
associated with the data [11], [12], [13], [14]. Two of the
early rough-clustering algorithms are those due to Hirano
and Tsumoto [15] and De [16]. Other notable algorithms
include rough c-means [17], rough self organizing map [18],
rough support vector clustering [19], and so forth. In [20],
the indiscernibility relation of rough sets has been used to
initialize the expectation-maximization algorithm. The most
notable fuzzy relational algorithm is fuzzy c-medoids
(FCMdd) due to Krishnapuram et al. [21]. Recently,
combining rough sets and fuzzy sets, Mitra et al. proposed
rough-fuzzy collaborative clustering [22].

In this paper, we propose an algorithm, termed as
RFCMdd algorithm, based on rough sets and fuzzy sets to
select the most informative bio-bases. Although the mem-
bership function of fuzzy sets enables efficient handling of
overlapping partitions, the concept of lower and upper
approximations of rough sets deals with uncertainty,
vagueness, and incompleteness in class definition. Each
partition is represented by a medoid (bio-basis), a crisp
lower approximation, and a fuzzy boundary. The lower
approximation influences the fuzziness of the final partition.
The medoid (bio-basis) depends on the weighting average of
the crisp lower approximation and fuzzy boundary. The
concept of “DOR,” based on nongapped pairwise homology
alignment score, circumvents the initialization and local
minima problems of c-medoids and enables efficient selec-
tion of the minimum set of the most informative bio-bases.
Some quantitative measures are introduced based on MI and
nongapped pairwise homology alignment scores to evaluate
the quality of selected bio-bases. The effectiveness of the
proposed algorithm, along with a comparison with hard
c-medoids (HCMdd) [8], rough c-medoids (RCMDdd),
FCMdd [21], Berry et al’s method [6], and Yang and
Thomson’s method [7], has been demonstrated on different
protein data sets.

The structure of the rest of this paper is given as follows:
Section 2 briefly introduces necessary notions of bio-basis
function, rough sets, and fuzzy sets. In Section 3, a new
c-medoids algorithm is proposed based on rough sets and
fuzzy sets for bio-bases selection. Some quantitative
measures are presented in Section 4 to select the most
informative bio-bases. A few case studies and a comparison
with other methods are presented in Section 5. Concluding
remarks are given in Section 6.

2 Blo-BAsis FUNCTION, ROUGH SET, AND
Fuzzy SET

In this section, the basic notions in the theories of bio-basis
function, rough sets, and fuzzy sets are reported.

2.1 Bio-Basis Function

The most successful method of sequence analysis is
homology alignment [23], [24]. In this method, the function
of a sequence is annotated through aligning a novel
sequence with known sequences. If the homology align-
ment between a novel sequence and a known sequence
gives a very high similarity score, the novel sequence is
believed to have the same or similar function as the known
sequence. In homology alignment, an amino acid mutation
matrix is commonly used. Each mutation matrix has
20 columns and 20 rows. A value at the nth row and
mth column is a probability or a likelihood value that the
nth amino acid mutates to the mth amino acid after a
particular evolutionary time [3], [4].

However, the principle of homology alignment cannot be
used directly for subsequence analysis because a subse-
quence may not contain enough information for conven-
tional homology alignment. A high homology alignment
score between a novel subsequence and a known subse-
quence cannot assert that two subsequences have the same
function. However, it can be assumed that they may have
the same function statistically.

The design of bio-basis function is based on the principle
of conventional homology alignment used in biology. Using
a table lookup technique, a homology alignment score as a
similarity value can be obtained for a pair of subsequences.
The nongapped homology alignment method is used to
calculate this similarity value, where no deletion or
insertion is used to align two subsequences. The definition
of bio-basis function is given as follows [5], [7]:

h(zj,v;) — h(v;,v;)
h(viavi) }’

Sy = el m
where h(zj,v;) is the nongapped pairwise homology
alignment score between a subsequence z; and a bio-
basis v; calculated using an amino acid mutation matrix
[3], [4], h(v;,v;) denotes the maximum homology align-
ment score of the ith bio-basis v;, and + is a constant. Let
A be the set of 20 amino acids, X = {zy,---,z;,---, 2.} be
the set of n subsequences with m residues, and V =
{v1,-++,vi, -, v.} C X be the set of ¢ bio-bases such that
vik, Tjp € A, Vi, Vi, VjL;. The nongapped pairwise
homology alignment score between z; and v; is then
defined as
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x]7 ZM }k7vlk (2)

where M(zj,vi;) can be obtained from an amino acid
mutation matrix through a table lookup method. The
function value is high if two subsequences are similar or
close to each other and one for two identical subsequences.
The value is small if two subsequences are distinct.

The bio-basis function transforms various homology
alignment scores to a real number as a similarity within the
interval [0, 1]. Each bio-basis is a feature dimension in a
numerical feature space. It needs a subsequence as a support.
A collection of ¢ bio-bases formulates a numerical feature
space IR‘. After the mapping using bio-bases, a nonnumerical
subsequence space A™ will be mapped to a c-dimensional
numerical feature space IR, thatis, A™ — IR".

The most important assumption about bio-basis function
is that the distribution of the amino acids in sequences
depends on the specificity of the sequences. If the
distribution of amino acids is random, the selection of bio-
basis will be very difficult. Fortunately, the biological
experiments have shown that the distribution of amino
acids at the specific subsites in sequences does depend on
the specificity of the sequences.

2.2 Rough Sets

The theory of rough sets begins with the notion of an
approximation space, which is a pair < U, R >, where U is
a nonempty set (the universe of discourse), and R is an
equivalence relation on U, that is, R is reflexive, symmetric,
and transitive. The relation R decomposes the set U into
disjoint classes in such a way that two elements « and y are
in the same class if and only if (z,y) € R. Let us denote by
U/R the quotient set of U by the relation R, and

U/R:{le... FAREE p}

where X is an equivalence class of R, i =1,2,---,p. If two
elements x and y in U belong to the same equivalence class
X; € U/R, we say that z and y are indistinguishable. The
equivalence classes of R and the empty set §) are the
elementary sets in the approximation space < U,R >.
Given an arbitrary set X € 2V, in general, it may not be
possible to describe X precisely in < U, R >. One may
characterize X by a pair of lower and upper approximations
defined as [10]

RX)= |J Xi R(X)

X;CX

= U x

XinX#0

That is, the lower approximation R(X) is the union of all the
elementary sets, which are subsets of X, and the upper
approximation R(X) is the union of all the elementary sets,
which have a nonempty intersection with X. The interval
[R(X), R(X)] is the representation of an ordinary set X in
the approximation space < U,R > or simply called the
rough set of X. The lower (respectively, upper) approxima-
tion R(X) (respectively, R(X)) is interpreted as the
collection of those elements of U that definitely (respec-
tively, possibly) belong to X. Further,

e aset X c2V is said to be definable (or exact) in
< U,R> if and only if R(X) = R(X);

e forany X, Y €2Y, X is said to be roughly included
in Y, denoted by XY, if and only if R(X) C R(Y)
and R(X) C R(Y); and

e X and Y are said to be roughly equal, denoted by
X~pY,in <U,R> if and only if R(X)=R(Y)
and R(X) = R(Y).

In [10], Pawlak discusses two numerical characterizations of
imprecision of a subset X in the approximation space
< U,R >: accuracy and roughness. The accuracy of X,
denoted by ar(X), is the ratio of the number of objects in its
lower approximation to that in its upper approximation,
namely,

R
o)~ EOL
[R(X))|
The roughness of X, denoted by p
subtracting the accuracy from 1:

r(X), is defined by

1BOO|
|R(X)|
Note that the lower the roughness of a subset, the better is

its approximation. Further, the following observations are
easily obtained:

pr(X) = 1— ar(X) =

. AsR(X)CXCR(X)0<pr(X)<1.
2. By convention, when X =0, R(X) =

pr(X) = 0.
3. pr(X) =0if and only if X is definable in < U, R > .

R(X) =0 and

2.3 Fuzzy Set

Let U be a finite and nonempty set called universe. A fuzzy
set F' of U is a mapping from U into the unit interval [0, 1]:

pr U —[0,1],

where, for each z € U, we call up(z) the membership degree
of = in F. Practically, we may consider U as a set of objects
of concern, and a crisp subset of U represents a nonvague
concept imposed on objects in U. Then, a fuzzy set F' of U is
thought of as a mathematical representation of a vague
concept described linguistically. The support of fuzzy set F'
is the crisp set that contains all the elements of U that have a
nonzero membership value in F' [9].

A function mapping all the elements in a crisp set into
real numbers in [0, 1] is called a membership function. The
larger value of the membership function represents the
higher degree of the membership. It means how closely an
element resembles an ideal element. Membership functions
can represent the uncertainty using some particular func-
tions. These functions transform the linguistic variables into
numerical calculations by setting some parameters. The
fuzzy decisions can then be made.

3 RouGH Fuzzy C-MEDOIDS ALGORITHM

In this section, we first describe two existing relational
clustering algorithms—HCMdd [8] and FCMdd [21], for
selection of bio-bases. Next, we propose two relational
algorithms—RCMdd and RFCMdd, incorporating the con-
cept of lower and upper approximations of rough sets into
HCMdd and FCMdd, respectively. Some quantitative
measures are introduced to select the minimum set of the
most informative bio-bases.
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3.1 HCMdd

The HCMdd algorithm [8] uses the most centrally located
object in a cluster, which is termed as the medoid. A
medoid is essentially an existing data from the cluster,
which is closest to the mean of the cluster.

The objective of the HCMdd algorithm for selection of
bio-bases is to assign n subsequences to ¢ clusters. Each of
the clusters §; is represented by a bio-basis v;, which is the
medoid for that cluster. The process begins by randomly
choosing c subsequences as the bio-bases. The subsequences
are assigned to one of the c clusters based on the maximum
value of the nongapped pairwise homology alignment score
h(z;,v;) between the subsequence z; and the bio-basis v;.
After the assignment of all the subsequences to various
clusters, the new bio-bases are calculated as follows:

Vi = Zg, (3)
where ¢ is given by
x; € B; €6,

and h(zy, x;) can be calculated as per (2). The basic steps are
outlined as follows:

q = arg max{h(zr, ﬂﬁj)}?

1. Arbitrarily choose ¢ subsequences as the initial bio-
bases v;, i =1,2,---,c.

2. Assign each remaining subsequence to the cluster
for the closest bio-basis.

3. Compute the new bio-basis as per (3).

4. Repeat Steps 2 and 3 until no more new assignments
can be made.

3.2 FCMdd

This provides a fuzzification of the HCMdd algorithm [21].
For bio-bases selection, it maximizes

S = ii(uﬁ)m{h(%’j,vﬂ}, (4)
s

where 1 < 1 < oo is the fuzzifier, and p;; € [0, 1] is the fuzzy
membership of the subsequence z; in cluster 3;, such that

subject to

Zuij =1,Vj, and 0 < ij < n,Vi.

n
1

i=1 j
The new bio-bases are calculated as
Vi = Zg, (6)
where ¢ is given by
n ,
¢ = argmax Y () {h(zi,x)} 1< j<n.
k=1
The algorithm proceeds as follows:
1. Assign initial bio-bases v;, i=1,2,---,c. Choose

values for fuzzifier m and threshold ¢;. Set iteration
counter t = 1.

— Cluster B;

—= Lower approximation A( B;)

Upper approximation A( Bi)
Boundary B(Bj) = A(Bj)— A(B;)

Fig. 1. RCMdd: cluster 3; is represented by lower and upper bounds
[A(B:), A(B:))-

2. Compute membership p;; by (5) for ¢ clusters and
n subsequences.

3. Update bio-basis v; by (6).

4. Repeat steps 2 to 4, by incrementing ¢, until
|pij(t) — pij(t = 1) > e

3.3 RCMdd

Let A(3;) and A(3;) be the lower and upper approxima-
tions of cluster 3;, and B(3;) = A(B;) — A(B:;) denotes the
boundary region of cluster 8; (Fig. 1). In the RCMdd
algorithm, the concept of c-medoids algorithm is extended
by viewing each cluster §; as an interval or rough set.
However, it is possible to define a pair of lower and
upper bounds [A(8;), A(B;)] or a rough set for every set
B; CU, U is the set of objects of concern [10]. The family
of upper and lower bounds are required to follow some of
the basic rough set properties such as

1. an object z; can be part of at most one lower bound;

2. T € A(BL) = ;€ Z(Bz)/ and

3. an object z; is not part of any lower bound = z;,
belongs to two or more upper bounds.

Incorporating rough sets into c-medoids algorithm, we
propose RCMdd for generating bio-bases. It adds the
concept of lower and upper bounds of rough sets into
HCMdd algorithm. It classifies the subsequence space into
two parts—lower approximation and boundary region. The
bio-basis (medoid) is calculated based on the weighting
average of the lower bound and boundary region. All the
subsequences in lower approximation take the same weight
w, whereas all the subsequences in boundary take another
weighting index @ uniformly. Calculation of the bio-bases is
modified to include the effects of lower, as well as upper,
bounds. The modified bio-bases calculation for RCMdd is
given by

Vi = Zg, (7)
where ¢ is given by
wx A+wx B if A(B) #0,B(6;) #0
g = argmax A it A(B;) #0,B(6;) =0
B if A(B;) =0,B(p;) #0
A= Z hay, z;); B= Z h(zp, ;).
x€A(B;) zR€B(;)

The parameters w and w (= 1 — w) correspond to the relative
importance of lower bound and boundary region. Since the
subsequences lying in lower approximation definitely
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belong to a cluster, they are assigned a higher weight w
compared to w of the subsequences lying in the boundary
region. That is, 0 < @ < w < 1. The main steps of RCMdd
algorithm are described as follows:

1. Assign initial bio-bases v;, i =1,2,---,c. Choose a
value for threshold es.

2. For each subsequence z;, calculate the homology
alignment score h(z;,v;) between itself and the bio-
basis v; of cluster ;.

3. If h(zj,v;) is maximum for 1 <4 < ¢ and

h(l‘j,’l}i) — h(l’j"Uk) < €2,

then z; € A(3) and z; € A(B;). Furthermore, ; is
not part of any lower bound.

4. Otherwise, z; € A(f;) such that h(zj,v;) is the
maximum for 1 <i <c¢. In addition, by properties
of rough sets, z; € A(;).

5. Compute the new bio-basis as per (7).

6. Repeat Steps 2 to 5 until no more new assignments
can be made.

3.4 RFCMdd

Incorporating both fuzzy sets and rough sets, next, we
propose another version of c-medoids algorithm, termed
as RFCMdd. The proposed RFCMdd algorithm adds the
concept of fuzzy membership of fuzzy sets and the
lower and upper approximations of rough sets into the
c-medoids algorithm. Although the lower and upper
bounds of rough sets deal with uncertainty, vagueness,
and incompleteness in class definition, the membership
of fuzzy sets enables efficient handling of overlapping
partitions.

In FCMdd, the bio-basis (medoid) depends on the fuzzy
membership values of different subsequences. Whereas in
RFCMdd, after computing the memberships for ¢ clusters
and n subsequences, the membership values of each
subsequence are sorted, and the difference of the two
highest memberships is compared with a threshold value
€. Let p;; and py; be the highest and second highest
memberships of subsequence z;. If (u;; — prj) > €2, then
z; € A(B;), as well as z; € A(3;) and z; € A(f;); otherwise,
zj € B(#;) and z; € B(8). That is, the proposed algorithm
first separates the “core” and overlapping portions of each
cluster 3; based on the threshold value e;. The “core”
portion of the cluster (3; is represented by its lower
approximation A(f;), whereas the boundary region B(5;)
represents the overlapping portion. In effect, it minimizes
the vagueness and incompleteness in cluster definition.

According to the definitions of lower approximations
and boundary of rough sets, if a subsequence z; € A(5;),
then z; & A(Br), Yk #14, and z; & B(8;), Vi. That is, the
subsequence z; is contained in (; definitely. Thus, the
weights of the subsequences in the lower approximation of
a cluster should be independent of other bio-bases and
clusters and should not be coupled with their similarity
with respect to other bio-bases. Also, the subsequences in
lower approximation of a cluster should have similar
influence on the corresponding bio-basis and cluster.
Although if z; € B(§;), then the subsequence xz; possibly
belongs to 3; and potentially belongs to another cluster.

— Cluster B;

—= Crisp Lower Approximation A( B;)
with p ij= 1

Fuzzy Boundary B(;)
with pjj — [0, 1]

Fig. 2. RFCMdd: cluster g; is represented by a crisp lower bound and
fuzzy boundary.

Hence, the subsequences in boundary regions should have
different influence on the bio-bases and clusters.

Therefore, in RFCMdd, after assigning each subsequence
in the lower approximations and boundary regions of
different clusters based on e, the memberships p;; of the
subsequences are modified. The membership values of the
subsequences in lower approximation are set to 1, whereas
those in the boundary regions remain unchanged. In other
words, the proposed c-medoids first partitions the data into
two classes—lower approximation and boundary. The
concept of fuzzy memberships is applied only to the
subsequences of boundary region, which enables the
algorithm to handle overlapping clusters. Thus, in RFCMdd,
each cluster is represented by a bio-basis (medoid), a crisp
lower approximation, and a fuzzy boundary (Fig. 2). The
lower approximation influences the fuzziness of final
partition. The FCMdd can be reduced from RFCMdd when
A(B;) = 0, Vi. Thus, the proposed algorithm is the general-
ization of existing FCMdd algorithm.

The new bio-bases are calculated based on the weighting

average of the crisp lower approximation and fuzzy
boundary. Computation of the bio-bases is modified to
include the effects of both fuzzy membership and lower and
upper bounds. Since the subsequences lying in lower
approximation definitely belong to a cluster, they are
assigned a higher weight compared to that of the sub-
sequences lying in the boundary region. The modified bio-
bases calculation for RFCMdds is therefore given by

v =z, (8)
where ¢ is given by
wx A+ x B if A(B)#0,B(3;) #0
q = arg max A if A(B;) #0,B(B;) =10
B if A(6;) =0,B(3;) #0
Z h(xk,x;); B = Z (Hz‘k)mh(wkvlﬂi)-

z.€A(B) z€B(B;)

A:

The main steps of this algorithm proceeds as follows:

1. Assign initial bio-bases v;, i=1,2,---,c. Choose
values for fuzzifier mh and thresholds ¢; and ¢;. Set
the iteration counter ¢ = 1.

2. Compute the membership pu;; by (5) for ¢ clusters
and n subsequences.
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3. If pi; is maximum for 1 <i¢ < c and (u;; — py) < €,
then z; € A(3) and z; € A(B;). Furthermore, z; is
not part of any lower bound.

4. Otherwise, z; € A(f;) such that p;; is the maximum
for 1 <4 < c. In addition, by properties of rough sets,
zj € A(f).

5. Compute the new bio-basis as per (8).

6. Repeat Steps 2 to 6, by incrementing ¢, until

|ij () — pij(t = 1)| > er.
3.5 Selection of Initial Bio-Basis

A limitation of the c-medoids algorithm is that it can only
achieve a local optimum solution that depends on the initial
choice of the bio-bases. Consequently, computing resources
may be wasted in that some initial bio-bases get stuck in
regions of the input space with a scarcity of data points and
may therefore never have the chance to move to new
locations where they are needed. To overcome this
limitation of the c-medoids algorithm, next, we propose a
method to select initial bio-bases, which is based on a
similarity measure using amino acid mutation matrix. It
enables the algorithm to converge to an optimum or near
optimum solutions (bio-bases).

Prior to describing the proposed method for selecting
initial bio-bases, next, we provide a quantitative measure to
evaluate the similarity between two subsequences in terms
of nongapped pairwise homology alignment score:

e DOR. The DOR between two subsequences z; and z;
is defined as

h(xj’ x7)

)

It is the ratio between the nongapped pairwise

homology alignment scores of two input subse-

quences z; and xz; based on an amino acid

mutation matrix to the maximum homology

alignment score of the subsequence ;. It is used

to quantify the similarity in terms of homology

alignment score between pairs of subsequences. If

the functions of two subsequences are different,

the DOR between them is small. A high value of

DOR(z;, z;) between two subsequences z; and z;

asserts that they may have the same function

statistically. If two subsequences are same,

the DOR between them is maximum, that is,

DOR(I”IL) =1. Thus, 0< DOR(ZL’“ZL‘}) <1 AlSO,

Based on the concept of DOR, next, we describe the

method for selecting initial bio-bases. The main steps of this
method proceeds as follows:

1. For each subsequence z;, calculate DOR(zj,z;)
between itself and the subsequence z;, V}_;.

2. Calculate the similarity score between subsequences
x; and x;:

1 if DOR(.TJ,SILL) > €3
0 otherwise.

Sty - |

3. For each =z;, calculate total number of similar
subsequences of x; as

J=1

4. Sort n subsequences according to their values of
N(z;) such that N(z1) > N(z2) > --- > N(z,).

5. If N(z;) > N(z;) and DOR(zj,z;) > €3, then z; cannot
be considered as a bio-basis, resulting in a reduced set
of subsequences to be considered for initial bio-bases.

6. Let there be 7 subsequences in the reduced set having
N(z;) values such that N(x1) > N(z2) > -+ > N(zy).
A heuristic threshold function can be defined as [12]

R L 1
Tr = —; where R = ,

€4 ;N(%) — N(zis1)
where ¢; is a constant (say, =0.5), so that all
subsequences in a reduced set having N(z;) value
higher than it are regarded as the initial bio-bases.

The value of Tr is high if most of the N(z;)s are large and
close to each other. The above condition occurs when a
small number of large clusters are present. On the other
hand, if the N(z;)s have wide variation among them, then
the number of clusters with smaller size increases. Accord-
ingly, Tr attains a lower value automatically.

Note that the main motive of introducing this threshold
function lies in reducing the number of bio-bases. We
attempt to eliminate noisy bio-bases (subsequence repre-
sentatives having lower values of N(z;)) from the whole
subsequences. The whole approach is therefore data
dependent.

4 QUANTITATIVE MEASURE

In this section, we propose some quantitative indices to
evaluate the quality of selected bio-bases incorporating the
concepts of nongapped pairwise homology alignment
scores and MI.

4.1 Using Homology Alignment Score

Based on the nongapped pairwise homology alignment
scores, next, we introduce two indices—(3 index and
v index for evaluating quantitatively the quality of
selected bio-bases:

e (index. It is defined as

A= czni r; h(vi,v;)’

i=1

(10)

ie.,

5= %Zi S~ DOR(aj,v,),

i=1 n; ;€0

where n; is the number of subsequences in the
ith cluster f3;, and h(z;, v;) is the nongapped pairwise
homology alignment scores, obtained using an amino
acid mutation matrix, between subsequence z; and
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bio-basis v;. The 8 index is the average normalized
homology alignment scores of input subsequences
with respect to their corresponding bio-bases. A good
clustering procedure for bio-bases selection should
make all input subsequences as similar to their bio-
bases as possible. The 5 index increases with the
increase in homology alignment scores within a
cluster. Therefore, for a given data set and c value,
the higher the homology alignment scores within the
clusters, the higher would be the /3 value. The value
of (3 also increases with c. In an extreme case, when
the number of clusters is maximum, thatis, ¢ = n, the
total number of subsequences in the data set, we have
B=1.Thus, 0 < 8 < 1.
e v Index. It can be defined as

ma; ! h(vj’vi) +
= max; ; ~
" 79 h(vi, ;)

ie.,
1
7 = max; o {DOR(v},v;) + DOR(v;, v;) }

0<~vy<1. The v index calculates the maximum
normalized homology alignment score between
bio-bases. A good clustering procedure for bio-bases
selection should make the homology alignment
score between all bio-bases as low as possible. The
~ index minimizes the between-cluster homology
alignment score.

4.2 Using MI

Using the concept of MI, one can measure the within-cluster
and between-cluster shared information. In principle, MI is
regarded as a nonlinear correlation function and can be
used to measure the mutual relation between a bio-basis
and the subsequences, as well as the mutual relation,
between each pair of bio-bases. It is used to quantify the
information shared by two objects. If two independent
objects do not share much information, the MI value
between them is small. Although two highly nonlinearly
correlated objects will demonstrate a high MI value. In the
present case, the objects can be the bio-bases and the
subsequences.

Based on the MI, the 8 index would be as follows:

1 NII(ZL'/, Ui)

B: MI(’U@,'U,L‘) ’

1 C
= 12
2 (12)

1 n; ;€53

MI(z;, z;) is the MI between subsequences z; and z;. The
mutual information MI(x;, z;) is defined as

with H(z;) and H(z;) being the entropy of subsequences z;
and z;, respectively, and H(z;,z;) as their joint entropy.
H(z;) and H(z;, z;) are defined as

H(z;) = —p(2;)Inp(x;) (14)

H(zi, z) = —p(wi, zj)lnp(z;, ;). (15)

p(x;) and p(z;, z;) are the a priori probability of z; and joint
probability of z; and =;, respectively. The § index is the
average normalized MI of input subsequences with respect
to their corresponding bio-bases. A bio-bases selection
procedure should make the shared information between
all input subsequences and their bio-bases as high as
possible. The 3 index increases with the increase in MI
within a cluster. Therefore, for a given data set and ¢ value,
the higher the MI within the clusters, the higher the 3 value
would be. The value of § also increases with c. When ¢ = n,

B=1.Thus, 0 < 3 < 1.
Similarly, v index would be

_ 1 1\/11(1}1'7 ’U/)
= max; ;= .
v g 2 MI(’U,‘, ’Ui)

NII(U,‘,UJ')}‘ (]_6)

MI(vj, v))

The % index calculates the maximum normalized MI
between bio-bases. A good clustering procedure for
bio-bases selection should make the shared information
between all bio-bases as low as possible. The 7 index
minimizes the between-cluster ML

5 EXPERIMENTAL RESULTS

The performance of RFCMdd is compared extensively with
that of various other related ones. These involve different
combinations of the individual components of the hybrid
scheme, as well as other related schemes. The algorithms
compared are

HCMdd [8],

RCMdd,

FCMdd [21],

the method proposed by Yang and Thomson [7]
using MI, and

5. the method proposed by Berry et al. [6] using genetic
algorithms and Fisher ratio (GAFR).

All the experiments are implemented in C language and run
in a LINUX environment having a machine configuration of
Pentium IV, 3.2 GHz, 1 Mbyte cache, and 1 Gbyte of RAM.

5.1 Description of a Data Set

To analyze the performance of proposed method, we have
used real data sets of five whole human immunodeficiency
virus (HIV) protein sequences, Cai-Chou HIV data set [25],
and caspase cleavage protein sequences. The initial bio-
bases for different c-medoids algorithms, which represent
crude clusters in the nonnumerical sequence space, have
been generated by the methodology described in Section 3.5.
The Dayhoff amino acid mutation matrix [2], [3], [4] is used
to calculate the nongapped pairwise homology alignment
score between two subsequences.

bl

5.1.1 Five Whole HIV Protein Sequences

HIV protease belongs to the family of aspartyl proteases,
which have been well characterized as proteolytic enzymes.
The catalytic component is composed of carboxyl groups
from two aspartyl residues located in both NH,-terminal
and COOH-terminal halves of the enzyme molecule in HIV
protease [26]. They are strongly substrate selective and
cleavage specific, demonstrating their capability of cleaving
large virus-specific polypeptides called polyproteins be-
tween a specific pair of amino acids. Miller et al. showed
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TABLE 1
Five Whole HIV Protein Sequences from NCBI

Accession No | Length
AAC82593 500

Cleavage Sites at Py
132(MA/CA), 363(CA/p2),
377(p2/NC), 432(NC/p1),
448(p1/p6)

132(MA/CA), 363(CA/p2),
376(p2/NC), 430(NC/p1),
446(p1/p6)

132(MA/CA), 363(CA/p2),
377(p2/NC), 432(NC/pl),
448(p1/p6)

488(TF/PR), 587(PR/RT),
1027(RT/RH), 1147(RH/IN)
132(MA/CA), 363(CA/p2),
377(p2/NC), 432(NC/p1),
448(p1/p6)

AAG42635 498

AAO040777 500

NP_057849 1435

NP_057850 500

that the cleavage sites in HIV polyprotein can extend to an
octapeptide region [27]. The amino acid residues within this
octapeptide region are represented by

Py-P3-Py-P1-Py-Py-Py-Py,

where P4-P3-P5-P; is the NHy-terminal half and Py/-Py-P3-Py
is the COOH-terminal half. Their counterparts in the
HIV protease are represented by S4-S3-S2-Si-Si-So-Sz-Sy
[28]. The HIV protease cleavage site is exactly between P,
and Pl/.

The five whole HIV protein sequences have been down-
loaded from the National Center for Biotechnology Informa-
tion (NCBI, http://www.ncbinlm.nih.gov). The accession
numbers are AAC82593, AAG42635, AAO40777, NP_057849,
and NP_057850. Details of these five sequences are included
in Table 1. Note that MA, CA, NC, TF, PR, RT, RH, and IN are
matrix protein, capsid protein, nucleocapsid core protein,
transframe peptide, protease, reverse transcriptase, RNAse,
and integrase, respectively. They are all cleavage products of
HIV protease. p1, p2, and p6 are also cleavage products [29].
For instance, 132 (MA/CA) means that the cleavage site is
between the residues 132 (P;) and 133 (Py/), and the cleavage
split the polyprotein producing two functional proteins: the
matrix protein and the capsid protein. The subsequences
from each of the five whole protein sequences are obtained
through moving a sliding window with eight residues. Once
a subsequence is produced, it is considered as functional
if there is a cleavage site between P;-Py; otherwise, it is
labeled as nonfunctional. The total number of subsequences
with eight residues in AAC82593, AAG42635, AAO40777,
NP_057849, and NP_057850 are 493, 491, 493, 1428, and 493,
respectively.

5.1.2 Cai-Chou HIV Data Set

In [25], Cai and Chou have described a benchmark data set
of HIV. It consists of 114 positive oligopeptides and
248 negative oligopeptides, in total, 362 subsequences with
eight residues. The data set has been collected from the
University of Exeter, UK.

5.1.3 Caspase Cleavage Data Set

The programmed cell death, also known as apoptosis, is a
gene-directed mechanism, which serves to regulate and
control both cell death and tissue homeostasis during the
development and the maturation of cells. The importance of
apoptosis study is that many diseases such as cancer,

TABLE 2
Thirteen Caspase Cleavage Proteins from NCBI

Proteins | Gene Length | Cleavage sites

000273 | DFFA 331 117(C3), 224(C3)
Q07817 | BCL2L1 233 61(C1)

P11862 | GAS2 314 279(C1)

P08592 | APP 770 672(C6)

P05067 | APP 770 672(C6), 739(C3/C6/C8/C9)
Q9JJV8 | BCL2 236 64(C3 and C9)

P10415 | BCL2 239 34(C3)

043903 | GAS2 313 278(C)

Q12772 | SREBF2 1141 468(C3 and C7)

Q13546 | RIPK1 671 324(C8)

Q08378 | GOLGA3 1498 59(C2), 139(C3), 311(C7)
060216 | RAD21 631 279(C3/C7)

095155 | UBE4B 1302 109(C3/C7), 123(C6)

ischemic damage, and so forth, result from apoptosis
malfunction. A family of cysteine proteases called caspases,
which are expressed initially in the cell as proenzymes, is the
key to apoptosis [30]. As caspase cleavage is the key to
programmed cell death, the study of caspase inhibitors could
represent effective drugs against some disease where
blocking apoptosis is desirable. Without a careful study of
caspase cleavage specificity, effective drug design could be
difficult.

The 13 protein sequences containing various experimen-
tally determined caspase cleavage sites have been down-
loaded from NCBI (http://www.ncbinih.gov). Table 2
represents the information of these sequences. Ci depicts
the ith caspase. The total number of noncleaved subse-
quences is about 8,340, whereas the number of cleaved
subsequences is only 18. In total, there are 8,358 sub-
sequences with eight residues.

5.2 Example

Consider the data set NP_057849 with sequence length
1,435. The number of subsequences obtained through
moving a sliding window with eight residues is 1,428.
The parameters generated in the DOR-based initialization
method for bio-bases selection are shown in Table 3 only for
NP_057849 data, as an example. The values of input
parameters used are also presented in Table 3.

The similarity score of each subsequence in the original
set and reduced set are shown in Fig. 3. The initial bio-bases
for c-medoids algorithms have been obtained from reduced
set using the threshold value of Tr. The initial bio-bases

TABLE 3
DOR-Based Initialization of Bio-Bases for NP_057849

Sequence length = 1435

Number of subsequences n = 1428

Value of €3 = 0.75

Number of subsequences in reduced set 17 = 223
Value of €4 = 0.5; Value of Tr = 35.32

Number of bio-bases ¢ = 36

Value of fuzzifier rh = 2.0
Values of w = 0.7 and @ = 0.3
Parameters: €¢; = 0.001 and e3 = 0.2

Quantitative Measures:

HCMdd: 8 = 0.643, v = 0.751, 8 = 0.807, 7 = 1.000
RCMdd: 8 = 0.651, v = 0.751, B = 0.822, ¥ = 1.000
FCMdd: 8 = 0.767, v = 0.701, 8 = 0.823, ¥ = 0.956
RECMdd: 8 = 0.836, v = 0.681, B8 = 0.866, 7 = 0.913
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Fig. 3. Similarity scores of subsequences of HIV protein NP_057849 considering e3 = 0.75 and ¢, = 0.50. (a) Similarity scores in original data set.
(b) Similarity scores in reduced data set. (c) Similarity scores of initial bio-bases.

with similarity scores are also shown in Fig. 3. Each
c-medoids algorithm has been evolved using these initial
bio-bases. The performance obtained by the c-medoids
algorithms are shown in Table 3.

5.3 Performance Analysis

The experimental results on the data sets, reported in
Section 5.1, are presented in Tables 4, 5, 6, 7, 8, 9, and 10.
Subsequent discussions analyze the results presented in
these tables with respect to (3, 7, 5, 7, and execution time.

5.3.1 Optimum Value of Parameter e

Table 4 reports the values of f, v, B3, and 7 of different
algorithms for the data set NP_057849. Results are
presented for different values of e;. Fig. 4 shows the

TABLE 4
Performance of Different Algorithms on NP_057849

Parameters | Algorithms B o ] 5
RFCMdd | 0.736 | 0.914 | 0.817 | 1.000
€3 =0.60 | FCMdd | 0.719 | 0.914 | 0.805 | 1.000
n=15 RCMdd | 0.612 | 0.938 | 0.805 | 1.000
Tr = 4.05 HCMdd | 0.607 | 0.938 | 0.801 | 1.000
c=13 MI 0.611 | 0.944 | 0.813 | 1.000
GAFR 0.609 | 0.962 | 0.804 | 1.000
RFCMdd | 0.801 | 0.821 | 0.822 | 1.000
€3 =0.65 | FCMdd | 0.746 | 0.837 | 0.811 | 1.000
% =34 RCMdd | 0.632 | 0.836 | 0.807 | 1.000
Tr = 6.02 HCMdd | 0.618 | 0.844 | 0.800 | 1.000
c=26 MI 0.624 | 0.913 | 0.801 | 1.000
GAFR 0.616 | 0.902 | 0.811 | 1.000
RFCMdd | 0.801 | 0.819 | 0.822 | 0.982
€3 =0.70 | FCMdd | 0.746 | 0.828 | 0.811 | 0.996
n =84 RCMdd | 0.635 | 0.829 | 0.812 | 1.000
Tr=16.58 | HCMdd | 0.621 | 0.827 | 0.803 | 1.000
c=27 MI 0.625 | 0.913 | 0.801 | 1.000
GAFR 0.618 | 0.902 | 0.810 | 1.000
RFCMdd | 0.836 | 0.681 | 0.866 | 0.913
€3 =0.75 | FCMdd | 0.767 | 0.701 | 0.823 | 0.956
7 = 223 RCMdd | 0.651 | 0.751 | 0.822 | 1.000
Tr=3532 | HCMdd | 0.643 | 0.751 | 0.807 | 1.000
c=36 MI 0.637 | 0.854 | 0.802 | 1.000
GAFR 0.646 | 0.872 | 0.811 | 1.000
RFCMdd | 0.682 | 0.937 | 0.809 | 1.000
€3 =0.80 | FCMdd | 0.667 | 0.941 | 0.805 | 1.000
7 = 594 RCMdd | 0.604 | 0.941 | 0.805 | 1.000
Tr=28.05 | HCMdd | 0.605 | 0.938 | 0.807 | 1.000
c=6 MI 0.611 | 0.938 | 0.811 | 1.000
GAFR 0.608 | 0.957 | 0.803 | 1.000

similarity scores of initial bio-bases as a function of e;. The
parameters generated from the data set NP_057849 are
shown in Table 4. The value of ¢ is computed using the
method described in Section 3.5. It may be noted that the
optimal choice of cis a function of the value e;. In Fig. 4, it is
seen that as the value of €3 increases, the initial bio-bases,

TABLE 5
Performance of Different c-Medoids Algorithms
Data | Algorithms | Bio-bases B o 8 5
A HCMdd Random | 0.615 | 0.817 | 0.809 | 1.000
A Proposed | 0.719 [ 0.702 | 0.852 | 1.000
C FCMdd Random | 0.655 | 0.791 | 0.821 | 1.000
8 Proposed | 0.814 [ 0.680 | 0.901 | 0.956
2 RCMdd Random | 0.674 | 0.813 | 0.825 | 1.000
S Proposed | 0.815 [ 0.677 | 0.872 | 0.983
9 RFCMdd Random | 0.713 | 0.728 | 0.847 | 0.987
3 Proposed | 0.874 | 0.633 | 0.913 | 0.916
A HCMdd Random | 0.657 | 0.799 | 0.803 | 1.000
A Proposed | 0.714 | 0.664 | 0.853 | 1.000
G FCMdd Random | 0.698 | 0.706 | 0.818 | 1.000
4 Proposed | 0.807 [ 0.674 | 0.892 | 0.924
2 RCMdd Random | 0.685 | 0.709 | 0.812 | 1.000
6 Proposed | 0.768 | 0.681 | 0.882 | 1.000
3 RFCMdd Random | 0.717 | 0.719 | 0.847 | 1.000
5 Proposed | 0.831 | 0.611 | 0.912 | 0.957
A HCMdd Random | 0.651 | 0.864 | 0.837 | 1.000
A Proposed | 0.794 [ 0.723 | 0.881 | 1.000
(o} FCMdd Random | 0.718 | 0.804 | 0.842 | 1.000
4 Proposed | 0.817 [ 0.634 | 0.912 | 0.977
0 RCMdd Random | 0.717 | 0.791 | 0.847 | 1.000
7 Proposed | 0.809 [ 0.633 | 0.879 | 0.977
7 RFCMdd Random | 0.759 [ 0.793 | 0.890 | 1.000
7 Proposed | 0.856 | 0.613 | 0.930 | 0.947
N HCMdd Random | 0.601 | 0.882 | 0.801 | 1.000
P Proposed | 0.643 [ 0.751 | 0.807 | 1.000
0 FCMdd Random | 0.606 | 0.802 | 0.811 | 1.000
5 Proposed | 0.767 | 0.701 | 0.823 | 0.956
7 RCMdd Random | 0.600 | 0.811 | 0.801 | 1.000
8 Proposed | 0.651 [ 0.751 | 0.822 | 1.000
4 RFCMdd Random | 0.698 | 0.798 | 0.804 | 1.000
9 Proposed | 0.836 | 0.681 | 0.866 | 0.913
N HCMdd Random | 0.611 | 0.913 | 0.792 | 1.000
P Proposed | 0.714 [ 0.719 | 0.801 | 1.000
0 FCMdd Random | 0.648 | 0.881 | 0.796 | 1.000
5 Proposed | 0.784 | 0.692 | 0.886 | 0.983
7 RCMdd Random | 0.639 | 0.895 [ 0.794 | 1.000
8 Proposed | 0.758 | 0.702 | 0.826 | 0.993
5 RFCMdd Random | 0.702 | 0.824 | 0.803 | 1.000
0 Proposed | 0.851 [ 0.629 | 0.911 | 0.928
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TABLE 6

Execution Time (ms) of Different c-Medoids Algorithms
Methods | Bio-bases | AAC8 | AAG4 | AAO4 | NP.0O5 | NP.0S
2593 | 2635 | 0777 7849 7850

RFCMdd | Random | 10326 | 17553 | 16218 | 316764 | 18038
Proposed | 8981 | 12510 | 13698 | 251058 | 11749

FCMdd | Random | 7349 | 16342 | 11079 | 293264 | 13217
Proposed | 5898 | 11998 | 9131 | 240834 | 9174

RCMdd | Random | 6108 | 13816 | 8053 | 268199 | 10318
Proposed | 5691 8015 | 5880 | 160563 | 5895

HCMdd | Random | 2359 | 2574 | 2418 8728 2164
Proposed | 535 534 532 4397 529

which represent the crude clusters, are becoming more
prominent. The best result is achieved at e3 = 0.75. The
subsequences selected as initial bio-bases at e3 = 0.75 have
higher values of N(z;). For the purpose of comparison,
¢ bio-bases are generated using the methods proposed by
Berry et al. (GAFR) and Yang and Thomson (MI).

It is seen from the results in Table 4 that the RFCMdd

achieves consistently better performance than other algo-
rithms with respect to the values of 3, 4, 3, and 7 for
different values of e;. Also, the results reported in Table 4
establish the fact that as the value of e¢; increases, the
performance of RFCMdd also increases. The best perfor-
mance with respect to the values of 3, 7, 3, and 7 is achieved
with e3 = 0.75. At e3 = 0.75, the values of N(z;) for most of
the subsequences in the reduced data set are large and close
to each other. Therefore, the threshold Tr attains a higher
value compared to that of other values of e;. In effect, the
subsequences selected as initial bio-bases with €3 =0.75
have higher values of N(z;). Hence, the quality of generated
clusters using different c-medoids algorithms is better
compared to other values of e;.
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5.3.2 Random versus DOR-Based Initialization

Tables 5 and 6 provide comparative results of different
c-medoids algorithms with random initialization of bio-
bases and the DOR-based initialization method described in
Section 3.5 considering €3 = 0.75. The DOR-based initializa-
tion is found to improve the performance in terms of 3, 7, B,
and 7 and reduce the time requirement of all c-medoids
algorithms. It is also observed that HCMdd with DOR-
based initialization performs similar to RFCMdd with
random initialization, although it is expected that RFCMdd
is superior to HCMdd in partitioning subsequences.
Although, in random initialization, the c-medoids algo-
rithms get stuck in local optimums, the DOR-based scheme
enables the algorithms to converge to an optimum or near
optimum solutions. In effect, the execution time required
for different c-medoids is lesser in DOR-based initialization
compared to random initialization.

5.3.3 Optimum Values of Parameters m, w, and e;

The fuzzifier m has an influence on the clustering
performance of both RFECMdd and FCMdd. Similarly, the
performance of RFCMdd and RCMdd depends on the
parameter w and the threshold e;. Tables 7, 8, and 9 report
the performance of different c-medoids algorithms for
different values of 1, w, and e, respectively. The results
and subsequent discussions are presented in these tables
with respect to 3, v, 3, and 7.

The fuzzifier m controls the extent of membership
sharing between fuzzy clusters. In Table 7, it is seen that
as the value of 77 increases, the values of 8 and § increase,
whereas v and 7 decrease. The RFCMdd and FCMdd
achieve their best performance with m =2.0 for HIV
protein NP_057849, m = 1.9 and 2.0 for Cai-Chou HIV data
set, and m = 2.0 for caspase cleavage protein sequences,
respectively. However, for m > 2.0, the performance of both

TABLE 7
Performance of RFCMdd and FCMdd for Different Values of Fuzzifier m

Value | Algorithms HIV Protein NP_057849 Cai-Chou HIV Data Set Caspase Cleavage Proteins
of 1t B v B ol B v B ol 8 Y E] ol
1.5 RFCMdd | 0.759 | 0.744 | 0.832 | 0.997 || 0.755 | 0.714 | 0.867 | 0.992 | 0.748 | 0.662 | 0.882 [ 0.989
FCMdd 0.699 | 0.733 | 0.811 | 1.000 || 0.732 | 0.753 | 0.824 | 1.000 | 0.734 | 0.678 | 0.871 | 1.000
1.6 RFCMdd | 0.762 | 0.717 | 0.839 | 0.966 || 0.781 | 0.692 | 0.878 | 0.979 | 0.773 | 0.658 | 0.899 | 0.985
FCMdd 0.716 | 0.726 | 0.814 | 1.000 || 0.739 | 0.749 | 0.833 | 0.994 || 0.761 | 0.677 | 0.882 | 1.000
1.7 RFCMdd | 0.799 | 0.702 | 0.843 | 0.956 || 0.794 | 0.677 | 0.895 | 0.950 || 0.785 | 0.647 | 0.907 | 0.977
FCMdd 0.725 | 0.746 | 0.817 | 1.000 || 0.750 | 0.728 | 0.868 | 0.973 || 0.772 | 0.671 | 0.883 | 0.978
1.8 RFCMdd | 0.814 | 0.695 | 0.852 | 0.947 | 0.818 | 0.639 | 0.907 | 0.932 || 0.803 | 0.628 | 0.923 | 0.972
FCMdd 0.738 | 0.729 | 0.818 | 0.985 || 0.764 | 0.695 | 0.890 | 0.954 || 0.795 | 0.671 | 0.890 | 0.978
1.9 RFCMdd | 0.831 [ 0.681 | 0.858 | 0.913 || 0.829 | 0.618 | 0.911 | 0.927 | 0.814 | 0.611 | 0.937 | 0.965
FCMdd 0.755 | 0.702 | 0.821 | 0.972 || 0.809 | 0.656 | 0.903 | 0.941 || 0.808 | 0.668 | 0.898 | 0.962
2.0 RFCMdd | 0.836 | 0.681 | 0.866 | 0.913 |[ 0.829 | 0.618 | 0.911 | 0.927 || 0.839 | 0.608 | 0.942 | 0.944
FCMdd 0.767 | 0.701 | 0.823 | 0.956 || 0.809 | 0.656 | 0.903 | 0.941 [ 0.816 | 0.662 | 0.901 | 0.953
2.1 RFCMdd | 0.835 | 0.684 | 0.861 | 0.927 || 0.811 | 0.622 | 0.908 | 0.945 || 0.826 | 0.617 | 0.935 | 0.949
FCMdd 0.754 | 0.701 | 0.820 | 0.956 || 0.802 | 0.671 | 0.901 | 0.948 [ 0.801 | 0.665 | 0.899 | 0.973
22 RFCMdd | 0.817 | 0.699 | 0.847 | 0.931 || 0.802 | 0.640 | 0.903 | 0.958 || 0.817 | 0.639 | 0.928 | 0.954
FCMdd 0.751 | 0.722 | 0.813 | 0.978 | 0.767 | 0.692 | 0.892 | 0.977 || 0.798 | 0.665 | 0.895 | 0.973
2.3 RFCMdd | 0.816 | 0.712 | 0.847 | 0.959 || 0.791 | 0.658 | 0.882 | 0.961 | 0.801 | 0.641 [ 0.901 | 0.961
FCMdd 0.734 | 0.759 | 0.809 | 0.991 | 0.760 | 0.703 | 0.877 | 0.982 || 0.784 | 0.668 | 0.886 | 0.979
24 RFCMdd | 0.802 | 0.712 | 0.835 | 0.959 || 0.774 | 0.699 [ 0.878 | 0.967 || 0.792 | 0.642 | 0.894 | 0.961
FCMdd 0.712 | 0.771 | 0.808 | 1.000 || 0.752 | 0.726 | 0.876 | 0.983 || 0.763 | 0.672 | 0.885 | 0.981
2.5 RFCMdd | 0.795 | 0.751 | 0.829 | 0.984 || 0.767 | 0.711 | 0.863 | 0.967 | 0.785 | 0.657 | 0.887 | 0.979
FCMdd 0.701 | 0.771 | 0.801 | 1.000 || 0.751 | 0.744 | 0.854 | 0.989 || 0.755 | 0.673 | 0.874 | 0.996
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Performance of RFCMdd and RCMdd for Different Values of Parameter w (=1 — w)

TABLE 8

Value | Algorithms HIV Protein NP_057849 Cai-Chou HIV Data Set Caspase Cleavage Proteins
of w B v B i B v B v 8 v 8 ol
0.51 RFCMdd | 0.632 | 0.941 | 0.742 | 1.000 [ 0.684 | 0.827 | 0.806 | 1.000 || 0.683 | 0.714 | 0.808 | 1.000
RCMdd 0.604 | 0.952 | 0.719 | 1.000 || 0.649 | 0.856 | 0.782 | 1.000 || 0.668 | 0.733 | 0.781 | 1.000
0.55 RFCMdd | 0.637 | 0.839 | 0.756 | 1.000 || 0.739 | 0.743 | 0.837 | 1.000 || 0.727 | 0.688 | 0.833 | 1.000
RCMdd 0.604 | 0.844 | 0.729 | 1.000 || 0.718 | 0.807 | 0.796 | 1.000 || 0.714 | 0.709 | 0.803 | 1.000
0.60 RFCMdd | 0.648 [ 0.750 | 0.795 | 0.983 | 0.788 | 0.708 | 0.883 | 0.991 | 0.779 | 0.649 | 0.883 | 0.983
RCMdd 0.617 | 0.766 | 0.746 | 1.000 || 0.731 | 0.733 | 0.807 | 1.000 || 0.762 | 0.697 | 0.837 | 1.000
0.65 RFCMdd | 0.817 | 0.708 | 0.839 | 0.934 [ 0.811 | 0.633 | 0.902 | 0.958 || 0.821 | 0.622 | 0.927 | 0.957
RCMdd 0.644 | 0.761 | 0.807 | 1.000 {| 0.763 | 0.694 | 0.866 | 0.998 | 0.774 | 0.680 | 0.852 | 1.000
0.70 RFCMdd | 0.836 | 0.681 | 0.866 | 0.913 [ 0.829 | 0.618 | 0.911 | 0.927 || 0.839 | 0.608 | 0.942 | 0.944
RCMdd 0.651 | 0.751 | 0.822 | 1.000 || 0.771 | 0.677 | 0.897 | 0.993 | 0.782 | 0.673 | 0.887 | 1.000
0.75 RFCMdd | 0.819 | 0.713 | 0.844 | 0.940 || 0.807 | 0.627 | 0.899 | 0.951 || 0.838 | 0.611 | 0.939 | 0.953
RCMdd 0.647 | 0.758 | 0.806 | 1.000 || 0.764 | 0.698 | 0.871 | 1.000 || 0.771 | 0.684 | 0.858 | 1.000
0.80 RFCMdd | 0.766 | 0.784 | 0.813 | 0.992 [ 0.793 | 0.651 | 0.874 | 0.978 || 0.817 | 0.622 | 0.914 | 0.964
RCMdd 0.645 | 0.821 | 0.792 | 1.000 || 0.753 | 0.704 | 0.864 | 1.000 | 0.753 | 0.702 | 0.851 | 1.000
0.85 RFCMdd | 0.713 | 0.839 | 0.802 [ 1.000 || 0.781 | 0.692 [ 0.853 | 0.991 || 0.804 [ 0.647 | 0.887 [ 1.000
RCMdd 0.642 | 0.861 | 0.785 | 1.000 || 0.747 | 0.718 | 0.847 | 1.000 | 0.736 | 0.719 | 0.843 | 1.000
0.90 RFCMdd | 0.648 | 0.841 | 0.788 | 1.000 || 0.748 | 0.711 | 0.829 | 1.000 || 0.761 | 0.682 | 0.825 | 1.000
RCMdd 0.641 | 0.862 | 0.781 | 1.000 || 0.736 | 0.727 | 0.821 | 1.000 || 0.708 | 0.732 | 0.816 | 1.000
0.95 RFCMdd | 0.639 | 0.862 | 0.759 | 1.000 || 0.702 | 0.774 | 0.818 | 1.000 [ 0.728 | 0.711 | 0.814 | 1.000
RCMdd 0.635 | 0.865 | 0.761 | 1.000 || 0.698 | 0.781 | 0.815 | 1.000 || 0.681 | 0.753 | 0.803 | 1.000
0.99 RFCMdd | 0.602 | 0.968 | 0.736 | 1.000 [ 0.671 | 0.813 | 0.802 | 1.000 || 0.675 | 0.762 | 0.798 | 1.000
RCMdd 0.601 | 0.968 | 0.736 | 1.000 || 0.671 | 0.813 | 0.802 | 1.000 || 0.674 | 0.762 | 0.794 | 1.000
TABLE 9
Performance of RFCMdd and RCMdd for Different Values of Parameter e,
Value | Algorithms HIV Protein NP_057849 Cai-Chou HIV Data Set Caspase Cleavage Proteins
of e g Y g ol B Y g ol B Y B ol
0.00 RFCMdd | 0.643 | 0.751 | 0.807 | 1.000 [ 0.713 | 0.782 | 0.817 | 1.000 || 0.707 | 0.698 | 0.862 | 1.000
RCMdd 0.643 | 0.751 | 0.807 | 1.000 || 0.713 | 0.782 | 0.817 | 1.000 || 0.707 | 0.698 | 0.862 | 1.000
0.05 RFCMdd | 0.704 | 0.723 | 0.812 | 1.000 || 0.753 | 0.707 | 0.868 | 1.000 || 0.766 | 0.683 | 0.881 | 1.000
RCMdd 0.644 | 0.751 | 0.810 | 1.000 || 0.716 | 0.754 | 0.839 | 1.000 | 0.723 | 0.687 | 0.863 | 1.000
0.10 RFCMdd | 0.793 | 0.709 | 0.837 | 0.981 || 0.794 | 0.683 | 0.882 | 0.991 || 0.801 | 0.641 | 0.907 | 0.995
RCMdd 0.647 | 0.751 | 0.814 | 1.000 || 0.738 | 0.726 | 0.841 | 1.000 | 0.738 | 0.681 | 0.872 | 1.000
0.15 RFCMdd | 0.811 | 0.702 | 0.855 | 0.946 {| 0.806 | 0.629 | 0.902 | 0.964 | 0.819 | 0.622 | 0.928 | 0.973
RCMdd 0.651 | 0.751 | 0.819 | 1.000 || 0.744 | 0.694 | 0.856 | 1.000 || 0.764 | 0.678 | 0.879 | 1.000
0.20 RFCMdd | 0.836 | 0.681 | 0.866 | 0.913 [ 0.829 | 0.618 | 0.911 | 0.927 || 0.839 | 0.608 | 0.942 | 0.944
RCMdd 0.651 | 0.751 | 0.822 | 1.000 {| 0.771 | 0.677 | 0.897 | 0.993 | 0.782 | 0.673 | 0.887 | 1.000
0.25 RFCMdd | 0.836 | 0.707 | 0.852 | 0.936 || 0.811 | 0.638 | 0.907 | 0.952 || 0.814 | 0.631 | 0.932 | 0.980
RCMdd 0.651 | 0.792 | 0.819 | 1.000 || 0.759 | 0.698 | 0.881 | 1.000 || 0.767 | 0.692 | 0.855 | 1.000
0.30 RFCMdd | 0.817 | 0.718 | 0.844 | 0.990 [ 0.805 | 0.681 | 0.894 | 0.988 || 0.791 | 0.667 | 0.908 | 0.995
RCMdd 0.648 | 0.828 | 0.801 | 1.000 || 0.738 | 0.731 | 0.878 | 1.000 [ 0.741 | 0.723 | 0.839 | 1.000
0.35 RFCMdd | 0.801 | 0.739 | 0.831 | 1.000 [ 0.784 | 0.704 | 0.875 | 1.000 || 0.772 | 0.671 | 0.881 | 1.000
RCMdd 0.631 | 0.857 | 0.779 | 1.000 || 0.706 | 0.757 | 0.849 | 1.000 | 0.728 | 0.756 | 0.814 | 1.000
0.40 RFCMdd | 0.792 | 0.784 | 0.804 | 1.000 [ 0.757 | 0.762 | 0.872 | 1.000 || 0.759 | 0.699 | 0.863 | 1.000
RCMdd 0.629 | 0.914 | 0.758 | 1.000 || 0.681 | 0.796 | 0.826 | 1.000 || 0.719 | 0.779 | 0.794 | 1.000
0.45 RFCMdd | 0.716 | 0.833 | 0.796 | 1.000 [ 0.732 | 0.783 | 0.850 | 1.000 || 0.706 | 0.737 | 0.827 | 1.000
RCMdd 0.617 | 0.957 | 0.792 | 1.000 || 0.667 | 0.817 | 0.803 | 1.000 || 0.678 | 0.793 | 0.779 | 1.000
0.50 RFCMdd | 0.708 | 0.864 | 0.781 | 1.000 [ 0.713 | 0.805 | 0.813 | 1.000 || 0.684 | 0.798 | 0.769 | 1.000
RCMdd 0.617 | 0.962 | 0.781 | 1.000 || 0.659 | 0.836 | 0.793 | 1.000 || 0.659 | 0.822 | 0.746 | 1.000
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algorithms decreases with the increase in m. That is, the
best performance of RFCMdd and FCMdd is achieved
when the fuzzy membership value of a subsequence in a
cluster is equal to its normalized homology alignment score
with respect to all the bio-bases.

The parameter w has an influence on the performance of
RFCMdd and RCMdd. Since the subsequences lying in
lower approximation definitely belong to a cluster, they are
assigned a higher weight w compared to @ of the
subsequences lying in boundary regions. Hence, for both
RFCMdd and RCMdd, 0 < @ < w < 1. Table 8 presents the
performance of RFCMdd and RCMdd for different values w

considering m = 2.0 and e = 0.20. When the subsequences
of both lower approximation and boundary regions are
assigned approximately equal weights, the performance of
RFCMdd and RCMdd is significantly poorer than HCMdd.
As the value of w increases, the values of 3 and § increase,
whereas the values of v and 7 decrease. The best
performance of both algorithms is achieved with w = 0.70.
The performance significantly reduces with w ~ 1.00. In this
case, since the clusters cannot see the subsequences of
boundary regions, the mobility of the clusters and the bio-
bases reduces. As a result, some bio-bases get stuck in the
local optimum. On the other hand, when the value of
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TABLE 10
Comparative Performance of Different Methods
Data Set | Algorithms 3 ~ ] 5 Time
RFCMdd | 0.847 | 0.633 | 0.913 | 0.916 | 898l
FCMdd 0.814 | 0.680 | 0.901 | 0.956 5898
AAC8 RCMdd 0.815 | 0.677 | 0.872 | 0.983 5691
2593 HCMdd | 0.719 | 0.702 | 0.852 | 1.000 | 535
MI 0.764 | 0.788 | 0.906 | 0.977 | 8617
GAFR 0.736 | 0.814 | 0.826 | 1.000 | 12213
RFCMdd | 0.831 | 0.611 | 0.912 | 0.957 | 12510
FCMdd | 0.807 | 0.674 | 0.892 | 0.924 | 11998
AAG4 RCMdd | 0.768 | 0.681 | 0.882 | 1.000 | 8015
2635 HCMdd | 0.714 | 0.664 | 0.853 | 1.000 | 534
MI 0.732 | 0.637 | 0.829 | 0.989 | 13082
GAFR 0.707 | 0.713 | 0.801 | 1.000 | 12694
RFCMdd | 0.856 | 0.613 | 0.930 | 0.947 | 13698
FCMdd | 0.817 | 0.634 | 0912 | 0.977 | 9131
AAO4 RCMdd 0.809 | 0.633 | 0.879 | 0.977 5880
0777 HCMdd | 0.794 | 0.723 | 0.881 | 1.000 | 532
MI 0.801 | 0.827 | 0.890 | 0.982 | 12974
GAFR 0.773 | 0912 | 0.863 | 1.000 | 11729
RFCMdd | 0.836 | 0.681 | 0.866 | 0.913 | 251058
FCMdd 0.767 | 0.701 | 0.823 | 0.956 | 240834
NP_05 RCMdd | 0.651 | 0.751 | 0.822 | 1.000 | 160563
7849 HCMdd | 0.643 | 0.751 | 0.807 | 1.000 | 4397
MI 0.637 | 0.854 | 0.802 | 1.000 | 250138
GAFR 0.646 | 0.872 | 0.811 | 1.000 | 291413
RFCMdd | 0.851 | 0.629 | 0911 | 0.928 | 11749
FCMdd 0.784 | 0.692 | 0.886 | 0.983 9174
NP_05 RCMdd | 0.758 | 0.702 | 0.826 | 0.993 | 5895
7850 HCMdd | 0.714 | 0.719 | 0.801 | 1.000 | 529
MI 0.736 | 0.829 | 0.833 | 1.000 | 9827
GAFR 0.741 | 0914 | 0.809 | 1.000 | 10873
RFCMdd | 0.829 | 0.618 | 0911 | 0.927 | 6217
FCMdd 0.809 | 0.656 | 0.903 | 0.941 4083
Cai-Chou RCMdd 0.771 | 0.677 | 0.897 | 0.993 3869
HIV Data | HCMdd | 0.713 | 0.782 | 0.817 | 1.000 | 718
MI 0.764 | 0.774 | 0.890 | 1.000 | 6125
GAFR 0.719 | 0.794 | 0.811 | 1.000 | 7016
RFCMdd | 0.839 | 0.608 | 0.942 | 0.944 | 513704
FCMdd | 0.816 | 0.662 | 0.901 | 0.953 | 510961
Caspase RCMdd 0.782 | 0.673 | 0.887 | 1.000 | 473380
Cleavage HCMdd | 0.707 | 0.698 | 0.862 | 1.000 | 8326
MI 0.732 | 0.728 | 0.869 | 1.000 | 511628
GAFR 0.713 | 0.715 | 0.821 | 1.000 | 536571

w = 0.70, the subsequences of lower approximations are
assigned a higher weight compared to that of boundary
regions, as well as the clusters, and the bio-bases have a
greater degree of freedom to move. In effect, the quality of
generated clusters is better compared to other values of w.

The performance of RFCMdd and RCMdd also depends
on the value of €5, which determines the class labels of all
the subsequences. In other words, the RFCMdd and
RCMdd partition the data set of a cluster into two
classes—lower approximation and boundary, based on the
value of €. Table 9 presents the comparative performance
of RFCMdd and RCMdd for different values of e
considering m = 2.0 and w = 0.70. For e; = 0.0, all the
subsequences will be in lower approximations of different
clusters and B(f;) =, Vi. In effect, both RFCMdd and
RCMdd reduce to conventional HCMdd. On the other
hand, for eo = 1.0, A(8;) =0, Vi, and all the subsequences
will be in the boundary regions of different clusters. That is,
the RFCMdd boils down to FCMdd. The best performance
of RFCMdd and RCMdd with respect to 3, B, v, and 7 is
achieved with e; = 0.2, which is approximately equal to the
average difference of highest and second highest fuzzy
membership values of all the subsequences. In practice, we

find that both REFECMdd and RCMdd work well for e, = 6,
where

b= %Z(MJ‘ — ), (17)

J=1

n is the total number of subsequences, and p;; and py; are
the highest and second highest fuzzy membership values of
the subsequence ;. The values of ¢ for HIV protein
NP_057849, Cai-Chou HIV data set, and caspase cleavage
proteins are 0.197, 0.201, and 0.198, respectively.

5.3.4 Comparative Performance of Different Algorithms
Finally, Table 10 provides the comparative results of different
algorithms for the protein sequences reported in Section 5.1.
It is seen that the RFCMdd with DOR-based initialization
produces bio-bases having the highest 3 and 3 values and
lowest v and 7 values for all the cases. Table 10 also provides
execution time (in ms) of different algorithms for all protein
data sets. The execution time required for RFCMdd is
comparable to MI and GAFR. For the HCMdd, although
the execution time is less, the performance is significantly
poorer than that of RCMdd, FCMdd, and RFCMdd.

The following conclusions can be drawn from the results
reported in Tables 4, 5, 6,7, 8, 9, and 10:

1. It is observed that RFCMdd is superior to HCMdd
both with random and DOR-based initialization.
However, HCMdd requires considerably less time
compared to RFCMdd. However, the performance of
HCMdd is significantly poorer than RFCMdd. The
performance of FCMdd and RCMdd are intermedi-
ate between RFCMdd and HCMdd.

2. The DOR-based initialization is found to improve
the values of 3, ~, B3, and 7 and reduce the
time requirement substantially for all c-medoids
algorithms.

3. The use of rough sets and fuzzy sets adds a small
computational load to the HCMdd algorithm; how-
ever, the corresponding integrated methods (FCMdd,
RCMdd, and RFCMdd) show a definite increase in 3
and (3 values and decrease in v and 7 values.

4. Integration of three components—rough sets, fuzzy
sets, and c-medoids, in the RFCMdd algorithm
produces the minimum set of the most informative
bio-bases in the least computation time compared to
MI and GAFR.

5. It is observed that the RECMdd algorithm requires
significantly less time compared to MI and GAFR
having comparable performance. Reduction in time
is achieved due to DOR-based initialization. The
DOR-based initialization reduces the convergence
time of the RFCMdd algorithm considerably com-
pared to random initialization.

The best performance of the proposed RFCMdd algo-

rithm in terms of 3, v, B, and 7 is achieved due to the
following reasons:

1. The DOR-based initialization of bio-bases enables
the algorithm to converge to an optimum or near
optimum solution.
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Fig. 4. Similarity scores of initial bio-bases of HIV protein NP_057849 for different values of ¢; considering ¢, = 0.50. (a) e3 = 0.60 and Tr = 4.05.
(b) €3 = 0.65 and Tr = 6.02. (c) €3 = 0.70 and Tr = 16.58. (d) e3 = 0.75 and Tr = 35.32. (e) 3 = 0.80 and Tr = 28.05.

2. The membership function of fuzzy sets handles
efficiently overlapping partitions.

3. The concept of lower and upper bounds of rough
sets deals with uncertainty, vagueness, and incom-
pleteness in class definition.

In effect, the minimum set of bio-bases having maximum
information is obtained using RFCMdd algorithm.

6 CONCLUSION

The contribution of the paper is threefold, namely,

1. the development of a methodology integrating the
merits of rough sets, fuzzy sets, c-medoids algorithm,
and amino acid mutation matrix for bio-bases
selection;

2. defining new measures based on MI and nongapped
pairwise homology alignment score to evaluate the
quality of selected bio-bases; and

3. demonstrating the effectiveness of the proposed
algorithm, along with a comparison with other
algorithms, on different types of protein data sets.

The concept of “DOR” is found to be successful in

effectively circumventing the initialization and local mini-
ma problems of iterative refinement clustering algorithms
like c-medoids. In addition, this concept enables efficient

selection of the minimum set of the most informative bio-
bases compared to existing methods. Although the
methodology of integrating rough sets, fuzzy sets, and
c-medoids algorithm has been efficiently demonstrated for
biological sequence analysis, the concept can be applied to
other relational unsupervised classification problems.
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