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Abstract

In this paper, a technique to reduce time and space dur-
ing protein sequence clustering and classification is pre-
sented. During training and testing phase, the similar-
ity score value between o pair of sequences is determined
by selecting a portion of the sequence instead of the en-
tire sequence. It is like selecting a subset of features for
sequence data sets. The experimental results of the pro-
posed method shows that the classification accuracy (CA)
using the prototypes generated/used do not degrade much
but the training and testing time are reduced significantly.
Thus the experimental results indicate that the similar-
ity score need not be calculated by considering the en-
tire length of the sequence for achieving a good CA. Even
space requirement is reduced during execution phase. We
have tested this using K-medians, Supervised K-medians
and Nearest Neighbour Classifier (NNC) techniques.

1. Introduction

In bioinformatics, the number of protein sequences is
now more than half a million. Similar protein sequences
will most probably have similar biochemical functions
and three dimensional structures. New sequences can
be classified using sequence similarity to a known pro-
tein class/family. This inturn may help in predicting
the protein function or secondary structure of the un-
known sequence so that the expense on the biological
experiments can be saved. The problem we have con-
sidered here is : Given a set of protein sequences, find a
good set of prototypes to correctly classify the new/test
sequence in a reasonable time.

Some of the well known clustering approaches have
been used for protein sequences for various purposes.
ProtoMap [15] is designed based on weighted directed
graph and CluSTr [5] uses single link method [3].
CLICK [9] uses graph theoretic approaches. Somervuo

et al. [10] have used self organizing map (SOM), based
on median strings. In [11], an efficient incremental clus-
tering algorithm has been used to generate a hierarchi-
cal structure. Single link clustering method is compu-
tationally very expensive for large set of protein se-
quences as it requires an all-against-all initial analy-
sis. Even in graph based approaches, the distance ma-
trix values are to be calculated. SOM is computation-
ally more expensive when compared to partitional clus-
tering schemes [3]. In all these methods, pairwise se-
quence similarity is calculated considering the entire
sequence and is computationally expensive. Yi et al.
[14] have used NNC [1] for protein secondary structure
prediction. To classify a new sequence, NNC is compu-
tationally very expensive for a large data set. Jason et
al. [4] have used motifs based method and Henikoff et
al. [2] have used blocks based approach for protein se-
quence classification. Supervised K-medians algorithm
[12] performs well for protein sequence classification
compared to motifs based approach. In this paper, we
propose a method to reduce both run time and space
without much degradation in the CA, by using a type
of feature selection method. This can be used in any
clustering or classification algorithm based on similar-
ity scores of pairwise sequence alignment. The paper
is organized as follows. Section 2 deals with the sig-
nificance of protein sequence alignment. Section 3 con-
tains the details of the algorithms used. Experimental
results are discussed in section 4. Conclusions are pro-
vided in section 5.

2. Protein Sequence Alignment

Proteins are sequences composed of an alphabet of
20 amino acids. In protein sequences, the amino acids
are abbreviated using single letter codes such as A for
Alanine, S for Serine and so on [7, 8]. Protein sequence
may change after few generations because of the three
edit operations - insertion, deletion and substitution.
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Similarity score between two sequences is determined
by aligning them using gap character (-). The two types
of pairwise sequence alignments are local and global
[7, 8]. Local alignment helps in finding conserved amino
acid patterns (motifs) in protein sequences.

Score of an alignment

Let sequence a = ACCGGSA and sequence
b = AGGCSG. Let a® and b° corresponds to the se-
quences a and b respectively, after the insertion of
gaps during alignment. One possible alignment is

a’ = ACCGG — SA
W =A4--GGCSGE

The sequence of edit operations in the above align-
ment is substitution (match), deletion, deletion, sub-
stitution (match), substitution (match), insertion, sub-
stitution (match), and substitution (mismatch) respec-
tively. Score of an alignment - W is given by

l

W(a®,8%) =~ E(ay, b)), ()
h=1

where [ is the length of the aligned sequence, h rep-
resents the position in the aligned sequence and E is
the cost of an operation. PAM250 or BLOSUMG60 or
BLOSUMS62 scoring matrices [7, 8] contain the substi-
tution values/costs for all pairs of 20 amino acids. In-
sertion cost, deletion cost, gap open and gap extension
penalties are also suggested by the biologists. Scores
are calculated for the subsequences aligned in local
alignment and for the entire aligned length in case of
global alignment. Optimal alignment is the one which
gives the highest score value among all possible align-
ments between two sequences. Higher the score value,
sequences are more similar. Pairwise sequence align-
ment score value is used in clustering similar sequences
or classifying a new/test sequence to a known protein
class/group/family. It may further help in predicting
the protein function or structure of an unknown se-
quence.

3. Algorithms Used and Their Timing
Analysis

We are evaluating the performance of the proposed
feature selection method on NNC, K-medians and Su-
pervised K-medians algorithms. In all our algorithms,
the local alignment program provided by Xiaoqui et al.
[13] is used with necessary modifications to construct a
function for finding the highest score value between two
sequences from the optimal alignment. Fither the en-
tire length or selected portion of a pair of sequence is

submitted to this function. Selecting appropriate por-
tion of the sequence can be regarded as a feature se-
lection method for sequence data sets. That means the
features/motifs/conserved regions present in a part of
the sequence itself is sufficient for clustering and classi-
fication purpose. We are trying to save time and space
during the execution of this similarity score function
as it is the most time and space consuming function
(time complexity is quadratic). Gap open and gap ex-
tension penalties (affine gap penalties) and PAM250
scoring matrix consisting of substitution costs for all
pairs of amino acids are used in our programs for cal-
culating the score of an alignment.

In NNC [1], there is no training/design phase.
For classifying a new/unknown pattern, similar-
ity score is calculated with all the training patterns
and is classified to the most similar one. We are us-
ing a clustering (unsupervised) technique based on
arithmetic median - ‘K-medians’ - for protein se-
quences. For string/sequence data sets, centroid of
a group/class/cluster cannot be defined. But we can
use arithmetic median value [6, 10] for a set of se-
quences to select the group representative called
the median string/sequence. Mathematically, me-
dian string/sequence of a set s consisting of p protein
sequences can be defined as,

Med — Seqs = arg(max;(score;)), (2)
where
p
score; = Z W(a?, b?), (3)
j=1

where 1 < ¢ < p, but i # j. W is the similarity score
value between the aligned sequences a and b}, where
the sequence a; € s and the sequence b; € s. In this
method, initially K sequences are randomly selected
from the training set as cluster representatives and the
remaining sequences are assigned to the nearest repre-
sentative. The local alignment score value is calculated
from a sequence to all other sequences in that cluster
and the sum of these score values is determined. The se-
quence for which this sum is maximum is the median
sequence of that cluster. The sequences of the training
patterns are again assigned to the respective clusters
based on the new set of median sequences. This pro-
cess is carried out for a fixed number of iterations or
stopped when there is no change in the set of median
strings. In Supervised K-medians algorithm, [12], me-
dian sequences are determined for the known classes.
The median sequence of a set of protein sequences can
be considered as the most centrally located pattern in
that cluster and is the representative/prototype of that
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cluster. The median sequences determined are used as
prototypes for classification purpose.

Timing analysis

Let us consider 3 cases while analysing the time re-
quirements.

Case 1: 100% of the total length of the sequence. Let
u1 and v represent these lengths for the 2 sequences
to be compared.

Case 2: 75% of the total length of the sequence. Let
us and ve represent these lengths for the 2 sequences
to be compared.

Case 3: 50% of the total length of the sequence. Let
ug and v represent these lengths for the 2 sequences
to be compared.

(i) NNC

Let v and v be the lengths of the two sequences
to be compared in general. Time and space complex-
ity of pairwise local alignment algorithm are O(uv) and
O(u + v) respectively. Therefore, the time complexity
to classify a new sequence in NNC is O((uv)n), where
n is the total number of sequences in the training set.
Thus the time complexity is O((uiv1)n), O((usva)n)
and O((usv3)n) and space complexity is O(uy + v1),
O(us2 +v2) and O(ug + v3) for cases 1, 2 and 3 respec-
tively. As ug < u2 < uy and v3 < va < v; both time
and space requirements are reduced during run time of
local alignment algorithm for cases 2 and 3.

(ii) K-medians and Supervised K-medians
method

Time and space complexity analysis is same for K-
medians (unsupervised clustering) and Supervised K-
medians algorithms except for the number of itera-
tions (t). Time complexity to find the median string
for all clusters/groups is O(¢*(uv)Kt) for K-medians
and O(q*(uv)K) for Supervised K-medians, where ¢
is the average number of sequences in a cluster. Only
q(q — 1)/2 score values are to be calculated for each
cluster/group as W (af,b}) is equal to W (b}, af). Sum
of the score values are to be calculated for all ¢ se-
quences in a cluster/group and the median is to be se-
lected. Time complexity to classify a new/test sequence
is O((uv)K). Herein, both time and space requirements
are reduced for cases 2 and 3, during the execution of
local alignment algorithm in training as well as in test-
ing phase.

4. Experimental Results

To evaluate the performance of the algorithms, we
have considered a set, of protein sequences whose classes
are known. We do not use the class labels in train-
ing phase of K-medians technique for forming clusters.
In Supervised K-medians technique, median sequences

are determined for the known classes using the labelled
patterns in the training phase. We are evaluating the
goodness of the prototypes selected by determining the
CA for the testing set. There is no training phase in
NNC. Our experiments were done on Intel pentium-4
processor based machine having a clock frequency of
1700 Mhz and 512 MB RAM.

Protein sequence data set

Sequences have been collected from HLA (19
classes), AAA (6 classes) and Globins (4 classes) pro-
tein families [11, 12]. Totally we have considered
29 different classes containing the sequences that
have been classified according to functions by ex-
perts. The data set considered has totally 2565 se-
quences. From this, 1919 sequences were randomly
selected for training and the remaining 646 for test-
ing.

Tables 1, 2 and 3 show the experimental results of
the algorithms used. For all the 3 cases, 3 different re-
gions (lower, middle, upper) are selected in the pro-
tein sequence. Training time is the total time taken for
selecting the prototypes from the training set. Train-
ing or design is done only once and once the proto-
types are selected, only the testing time is to be com-
pared between the algorithms. Testing time is the time
taken for classifying all the test patterns. Both train-
ing and testing time are reduced for cases 2 and 3 com-
pared to case 1 (Because of space constraints, we could
not report the training time values and also the re-
sults for some other clustering algorithms). In NNC,
we can reduce the testing time for cases 2 and 3 com-
pared to case 1, without any degradation in the CA.
For the data set considered, it is evident from the re-
sults shown in Table 1 that the NNC performs very
well with 75% of the total length itself and also ac-
curacy has not degraded much when 50% of the to-
tal length is considered. In K-medians algorithm, even
50% of the total length itself gives very good CA when
number of prototypes generated is more (from results
of Table 2) whereas Supervised K-medians algorithm
performs well when 75% of the total length is consid-
ered. It can also be observed from the results that the
first half or lower three fourths of a protein sequence
has better/more features/motifs and is responsible for
higher accuracy for cases 2 and 3 for the data set used.

5. Conclusions

In this paper, experimental results of clustering and
classification algorithms on a protein sequence data set
show that the CA is not affected much when lengths of
the sequences to be compared are reduced. Both time
and space requirements are reduced during run time of
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