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ABSTRACT

Motivation: Protein sequence clustering has been widely
exploited to facilitate in-depth analysis of protein functions and
families. For some applications of protein sequence clustering,
it is highly desirable that a hierarchical structure, also referred
to as dendrogram, which shows how proteins are clustered at
various levels, is generated. However, as the sizes of contem-
porary protein databases continue to grow at rapid rates, it is
of great interest to develop some summarization mechanisms
so that the users can browse the dendrogram and/or search
for the desired information more effectively.

Results: In this paper, the design of a novel incre-
mental clustering algorithm aimed at generating summarized
dendrograms for analysis of protein databases is described.
The proposed incremental clustering algorithm employs a
statistics-based model to summarize the distributions of the
similarity scores among the proteins in the database and
to control formation of clusters. Experimental results reveal
that, due to the summarization mechanism incorporated, the
proposed incremental clustering algorithm offers the users
highly concise dendrograms for analysis of protein clusters
with biological significance. Another distinction of the proposed
algorithm is its incremental nature. As the sizes of the contem-
porary protein databases continue to grow at fast rates, due
to the concern of efficiency, it is desirable that cluster analysis
of a protein database can be carried out incrementally, when
the protein database is updated. Experimental results with the
Swiss-Prot protein database reveal that the time complexity for
carrying out incremental clustering with k new proteins added
into the database containing n proteins is O(n?/logn), where
B = 0.865, provided that k <« n.

Availability: The Linux executable is available on the following
supplementary page.

Contact: Graduate School of Biotechnology and Bioinformat-
ics, Yuan—Ze University, Chang—Li 320, Taiwan, ROC. Email:
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1 INTRODUCTION

Protein sequence clustering is a process that aims to identify
sets of homologous proteins in a protein database (Lesk, 2002;
Kriventsevaet al., 2001a). The information derived from
protein sequence clustering is then widely used for further ana-
lysis such as protein family discovery, function prediction and
database compression (Abascal and Valencia, 2002; Apweiler
et al., 2001; Enrightet al., 2002; Li et al., 2001, 2002;
Kriventsevaet al., 2001a; Sassoet al., 2003; Yonaet al.,
1999). The general practice to carry out protein sequence clus-
tering is based on pairwise sequence similarity/dissimilarity
between two proteins computed by algorithms such as Smith—
Waterman (Smith and Waterman, 1981), BLAST (Altschul
etal., 1990, 1997) and FASTA (Pearson and Lipman, 1998).
The widely adopted hypothesis is that a high degree of
sequence similarity between two proteins implies that these
two proteins also have similar structures and/or functions
(Dayhoff, 1976; Hegyi and Gerstein, 1999; Lesk, 2002).

In latest studies of protein sequence clustering, the single-
link clustering algorithm (Kooniret al., 1995; Kriventseva
et al., 2001b; Watanabe and Otsuka, 1995) and alternat-
ive graph-based clustering algorithms (Boltetnal., 2001;
Enrightet al., 2002; Kawajet al., 2001; Matsudat al., 1996)
are most commonly employed, due to the clustering quality
that these two types of algorithms deliver. In protein sequence
clustering, a popular measure of clustering quality is based on
how well the clusters identified by the clustering algorithm
match the protein families defined in some databases (Kawaji
etal., 2001; Yoneet al., 1999).

For some applications of protein sequence clustering, it is
highly desirable that a hierarchical structure, also referred
to as dendrogram, which shows how proteins are clustered
at various levels, is generated (Lesk, 2002; Sassaal.,
2002; Kriventseveet al., 2001b). However, as the sizes of
contemporary protein databases continue to grow at rapid
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rates, the number of nodes and the depth of the dendro- New proteins
gram generated by the clustering algorithm have become Some sampte

too large for the users to effectively browse the dendro- Protein

gram and/or to search for the desired information. As a Initialization database

result, the user may need to impose some thresholds to flatten phase

the dendrogram so that the visualization and interpretative !

quality of the dendrogram is improved. Nevertheless, fig- \nitial : |

uring out the proper threshold values may be a tedious and dendrogram | [ ncgﬁgfgta

difficult task for the users, especially for naive users. There-
fore, it is of great interest to develop some summarization
mechanism for presenting the results of protein sequence
clustering.

In this paper, the design of a novel incremental cluster-
ing algorithm aimed at generating summarized dendrograms
for analysis of protein databases is described. The proposed
incremental clustering algorithm employs a statistics-based
model to summarize the distributions of the similarity scoresFig. 1. A system diagram that summarizes the operations carried out
among the proteins in the database and to control formation dfy the proposed incremental clustering algorithm.
clusters. Due to the summarization operations employed, the
dendrogram generated by the proposed algorithm offers better The remaining part of this paper is organized as follows.
visual and interpretative quality than the dendrogram generSection 2 elaborates the design of the proposed incremental
ated by the conventional single-link algorithm. In this paper,clustering algorithm. Section 3 reports the experiments con-
the weighted average matching rate is employed to measuricted to evaluate the performance of the proposed algorithm.
how well a clustering algorithm can cluster proteins in con-Section 4 concludes the discussion of this paper.
formity with human'’s interpretation and no cutoff threshold is

imposed to flatten the dendrogram generated by the single-link  METHODS AND ALGORITHMS
algorithm. The dendrogram generated by the proposed incre-

mental clustering algorithm contains much fewer non-leaf-1 OVverview of theincremental clustering
nodes than that generated by the single-link algorithm. Fur- algorithm
thermore, those clusters identified by the single-link algorithmFigure 1 shows the major operations carried out by the incre-
that best match the protein families defined in the InterPranental clustering algorithm presented in this paper. The
(Apweiler et al., 2000) are deeply embedded in the dendro-algorithm consists of two phases of operations, namely,
gram. On the other hand, in the dendrogram generatethe initialization phase and the incremental phase. In the
by the proposed incremental clustering algorithm, most ofnitialization phase, a set of proteins extracted from the pro-
those clusters that best match the protein families defined itein database is taken to construct the initial dendrogram.
the InterPro are located just one level down from the rootThe number of proteins extracted could range from a few
Due to the summarization mechanism incorporated, the prdaundreds to a few thousands. With the initial set of pro-
posed incremental clustering algorithm offers the users highlyeins, a conventional agglomerative hierarchical clustering
concise dendrograms for analysis of protein clusters withalgorithm, such as single-link or complete-link (Han and
biological significance. Kamber, 2000; Jain and Dubes, 1988), is invoked to construct
Another main property of the proposed incrementalthe initial dendrogram. In this paper, the single-link algorithm
clustering algorithm is that, when the protein database iss employed for carrying out the initial protein clustering.
updated, there is no need to redo all the clustering analysis With the initial dendrogram, a summarization process
from scratch. Instead, the incremental clustering algorithms then conducted to identify a set of representatives that
can refer to an abstraction generated by the previous rucollectively provide an abstract description of the distribution
of the algorithm and carry out the analysis much moreofthe samples. With these representatives, an abstract dendro-
efficiently. This issue is of significance, as contemporary program is generated. The abstract dendrogram provides the basis
tein databases, such as Swiss-Prot ( Bairoch and Apweilefor the incremental phase of the clustering algorithm to pro-
2000) and PIR (Wuet al., 2002), keep growing rapidly. ceed. In the incremental phase, all the remaining proteins in
Experimental results with the Swiss-Prot protein databaséhe database, i.e. those proteins that were nottaken as samples,
reveal that the time complexity for carrying out incrementalas well as the new proteins that are continuously added into the
clustering withk new proteins added into the database con-database are examined one by one and the abstractdendrogram
tainingn proteins is @n?flogn), whereg ~ 0.865, provided is updated dynamically to reflect the evolution of the protein
thatk < n. database.

Summarization
process

New abstract
dendrogram

Abstract
dendrgram
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In the following three subsections, how the representativekurtosis satisfy the following criterion:
are identified and how clustering is carried out incrementally
are elaborated. —by < Skew (C) = 6, and

. K
2.2 Thesummarization process urt (€ = 6,

In the summarization process, protein clusters that meet thehere 6; and 6, are two thresholds to be set by the user. In
following statistical criteria are identified as homogeneoushis paper, 6, and 6, are set to 1 and O, respectively, based on
clusters. The statistical criteria are imposed to guarantee th&kperiences learned with extensive experiments.

the distribution of the pairwise similarity scores among the . riterion of homogeneous clusters presented above
protein sequences in a homogeneous cluster has a symmfg- only applied to clusters containing more than Min
ri_cal uni_modal distribution (Jo_bson_, 1_99_1)' In the following Cardinality proteins. For clusters that contain less than
d|scu_SS|on, we tree}t the pairwise similarity scores among th??/Iin_CardinaIity proteins, a different criterion is applied. The
protein sequencesin acIusterdenqte(Tbgs|C| x(IC1-1)/2 reason why a different criterion is imposed is that a cluster
random samples of random variabl. Let Sc denote must contain a sufficient number of proteins for the tests of

the set of|C| x (|C| — 1)/2 random samples. In statist- skewness and kurtosis to be meaningful. The criterion applied

gi the cordreKsp(:ndmg skevg(nelss_ atnhq kurtosis, dedn?_teddl% small clusters is that all the pairwise similarities between
ew(C) and Kurt), respectively in this paper, are define two proteins in a small cluster must be larger than a threshold

as follows (Jobson, 1991): denoted by Min_Similarity. Min_Similarity is imposed to

ISl _3, 3 guarantee that every homogeneous cluster containing less than
Skew(C) = (ISc| — 1) x (IS¢l — 2) Z (i = X)7/s%, Min_Cardinality proteins meets a certain quality criterion. By
xi€Sc default, each leaf node in the dendrogram is regarded as a
[Scl x (IS¢l + 1) homogeneous cluster containing one single protein. For those
Kurt(€) = |:(|SC| —1) x (IS¢l = 2) x (ISc| — 3) clusters that continue to grow in size, the statistical tests that
involve the skewness and kurtosis of the cluster will eventually
X Z (x; — 5)4/54} be imposed.
%i€Se DEFINITION 2 (Leaf homogeneouscluster). Acluster Cina
" (|Sc| — 1)? dendrogramis said to be a leaf homogeneous cluster, if C and
" UScl—2) x (IS¢l —3)° all of its children are homogeneous clusters and the parent of

C isnot satisfied as a leaf homogeneous cluster.
where
In the summarization process, one protein in a homogen-
1 Z % and eous cluster will be designated as the representative of the
I

i=—
IScl cluster. The representative of a homogeneous cldststthe

nese protein with the maximum lumped sum of the similarity scores
1 _ to the other proteins ig@'. In this paper, the representative of
§ 1Scl—1 Z (i — X)%. protein clustelC is denoted by Ref).
xi€Sc With homogeneous clusters and their representatives iden-

. . tified, the summarization process then conducts a bottom-up
With skewness and kurtosis, thresholds are set to guarantge .’ . .
) . flattening operation on the dendrogram generated by the
that each homogeneous cluster has a symmetric unimodal dis- N . : .
oo o N . agglomerative hierarchical clustering algorithm. The bottom-
tribution of the pairwise similarities. By setting the lower : . . .
. .up flattening operation begins with the leaf homogeneous
bound of kurtosis, we can guarantee that a group of protein
. . s : lusters. All the subclusters under a leaf homogeneous cluster
sequences with a multimodal distribution will be decomposed . . . .
. : will be removed and all the proteins contained in the leaf
into a number of homogeneous clusters. By setting both th

gmogeneous cluster will become its children. Figure 2 illus-

upper and lower bounds of skewness, we can guarantee tha : . .

the distribution of the pairwise similarities among the pro_trates the bottom-up flattening operation. Figure 2a shows the
.initial dendrogram constructed with 100 objects. In Figure 2a,

teins in a homogeneous cluster is symmetric. An asymmetrlﬁmse clusters marked by an asterisk are leaf homogenous

distribution |mpI|e_s t_hat a s_ma]l_ subgroup of proteins in Fheclusters according to Definition 2. Figure 2b shows the dendro-
cluster has the pairwise similarities among the subgroup eithet

much higher or much lower than the pairwise similarities @& after the bottom-up flattening operation has been applied
o o . to the leaf homogeneous clusters.
among the remaining proteins in the cluster. Accordingly, we . . . .
define the homogeneous cluster as follows The bottom-up flattening operation described above is
’ conducted recursively with each of the leaf homogeneous

DEFINITION 1 (Homogeneous cluster). A protein cluster C clusters identified in one level of recursion being substituted
issaid to be homogeneous, if the corresponding skewnessand by its representative protein. Figure 2c depicts the dendrogram
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1 where
(1) e andoc are the mean and standard deviation of the
pairwise similarities irC;
(@

(2) C’is aleaf homogeneous cluster of size larger than 2;
(3) sim[p, Rep(C)] denotes the similarity between protein

(4) 9, isaparameter and is setto 1 inthis paper for carrying
(b)

out protein sequence clustering.

Each time a protein is inserted into a leaf homogeneous

ﬁ H:':\':\Ti cluster, the skewness and kurtosis of the cluster will be recom-
(©)

puted to check whether the cluster still meets the criterion

of being homogeneous. Should the cluster, with the protein

' inserted, fails to pass the test, a split operation will be con-

% r—r':\':\Ti ducted. The single-link algorithm and the flattening operation

) described in Section 2.2 will be invoked to construct a sub-

dendrogram containing all the proteins in the cluster and the

| : newly added protein. The split operation and the reconstruc-
ﬁmifﬁi‘ tion operation described in the next paragraph are essential
© for avoiding order dependence, which is a common problem

in many incremental clustering algorithms.

In case the protein being examined cannot be inserted into
any of the existing leaf homogeneous clusters, then the protein

criterion of leaf homogeneous cluster marked) The summar- IS temporarlly moved toatemporary buffercalle_d TempBufrer
ized dendrogram after flattening the leaf homogeneous clustgrs. (and will be processed again Ia_ter on. Ev_ery .tlme TempBuf-
The dendrogram derived from that in (b) by substituting each leaf€" P&comes full, a reconstruction operation is conducted to
homogeneous cluster with its representatid. The dendrogram g€nerate a new abstract dendrogram containing all the pro-
generated after the second recursion of the bottom-up flattenintgins in the current dendrogram and in TempBuffer. In the
operation is appliedg] The final dendrogram. reconstruction operation, the primitive objects are the repres-
entatives of the leaf homogeneous clusters and the proteins

derived from substituting the leaf homogeneous clusters ir!1n TempBuffer. In this paper, the single-link algorithm is

) . . . . ) invoked. During the reconstruction process, two leaf homo-
Figure 2b with their respective representatives and Figure 2§ 9 P

enous clusters in the original dendrogram may merge due
zirl)zwisstr::%fr:zﬁi?eedd dgir;irr%grzaemseggi\rl;h?hsee%?]g? I;gﬁ;?;;;#é inclusion of the proteins in TempBuffer. As mentioned
' ) S .earlier, mer long with th lit ration ri Vi

after the bottom-up flattening operation is completed and thls?a ef, merge along e split operation described above

dendroaram is referred 1o as the abstract dendroaram are essential for avoiding order dependence, and alternative
9 9 ' forms of these two operations have been widely employed in

2.3 Theincremental process the design of incremental clustering algorithms (Fisher, 1987;

With the flattened dendrogram, the incremental phase of théhanget al., 1996).
clustering algorithm is then carried out to cluster the remain

. ) S . ’ 4 Reducing the skewness of the dendrogram
ing proteins in the database, i.e. those proteins that are not

taken to construct the initial dendrogram, as well as the proll? thiS paper, an optional top-down flattening operation is
veloped to reduce the skewness of the dendrogram, i.e.

teins that may be added into the database later on. The

proteins are examined one by one. For each protein, the incrdQ make the .dendrogram more ba|an<r316d.' Tflle optlcr)1na| top-
mental clustering algorithm examines whether the protein caffOWn Operation creates a superroot that includes the nodes

be inserted into a leaf homogeneous cluster according to tHd the highest levels of the dendrogram. Figure 3a shows a

following criteria. The criterion for inserting a protepminto dendrogram generated by the proposgd incremgntal clustering
a leaf homogeneous clustéris as follows: algorithm after the bottom-up flattening operation has been

applied. Figure 3b depicts the distribution of the heights of
uc —simp, Rep(C)] <0 and the homogeneous clusters in the dendrogram. The height of a
oc -1 cluster is defined to be the number of nodes on the longest path
from the cluster to a leaf homogeneous cluster. In Figure 3b,
all the vertical bars with horizontal coordination larger than or

Fig. 2. An example illustrating the flattening operation of the sum-
marization process.aj A dendrogram with nodes passing the

sim[p, RepC)] > gsim[p, RepC],
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complexity of single-link algorithm is @?logn), the time
complexity of the proposed algorithm would begk@r) +
O(kg?logq) + O((k/b_s)m?logm)), where

(1) n: the number of the proteins in the current version of
H l Mﬁm_ﬁ ”\Wm the protein database;

(2) k:the number of new proteins to be added to the protein

a
" @ database;
§ 100 (2 (3) m: the number of leaf homogeneous clusters in the
S @ current version of the abstract dendrogram;,
g 0% (4) ¢: the number of proteins that the largest leaf homo-
S B geneous cluster contains;
Y— (g 14 .
g Cha 2 101 1 01 1 1 1 1 1 1 1 (5) b_s: the size of the TempBuffer.
o) 0 : =
€ 01 2 3 4 5 6 7 8 9 10 11 12 13 As the experiments reported in next section reveal, for cluster
z Height analysis of contemporary protein databases, we generally
(b) haveq « m. Therefore, the dominant term of the time

complexity for carrying out protein sequence clustering with
the proposed incremental clustering algorithm &) +
L”“M M ”mm_'_‘”\wm O((k/b_s)m?logm)) or O(km?logm), if b_s is regarded as a
constant.
© The analysis presented above shows that the time com-
plexity of the proposed incremental clustering algorithm is
Fig. 3. An example that illustrates the top-down flattening opera-determined by how: increases as new proteins continue to be
tion to reduce the skewness of the dendrograpA(dendrogram  added into the protein database. As in no caseuld exceed
generated by the _proposed _|ncremental clustgrlng glgprlthm after thﬁ, the upper bound of the time complexity i$l@zlogn). on
bottom-up flattening operation has been applibfitlistribution of o ther hand, ifz does not increase as new proteins con-
the heights of the clusters in the dendrogram shown in ¢yTie . . . .
final dendrogram after the top-down flattening operation has beerqnye to be added into the protein database beyonq a certain
applied. pom_t, t_henna can be treate_d as a constant gnd f[he time com-
plexity is O(k). In the experiments reported in this paper, it is
observedthat, it > k, then in general we have the time com-
equal to 3 have values equal to 1. This implies that all nodeglexity equal to @kn?logn) or O(n?’logn), if k is treated
with height larger than 3 have skewed child-dendrogramsas constant, where @ g < 1. In particular, in the experi-
In this case, the top-down flattening operation is invoked tonent conducted to cluster all the proteins in Swiss-Prot, it is
create a superroot that contains all the nodes with height lapbserved thag = 0.865. This paper also reports the results
ger than 3 and the result is shown in Figure 3c. In fact, fofrom several additional experiments conducted to study the
each dendrogram, there exists a valyesuch that the num- correlation betweeg and the characteristics of the datasets.
ber of nodes in the dendrogram with heighis equal to 1, The general observation is that if the dataset contains a large
if h > 6,. The top-down flattening operation simply cre- humber of highly similar pairs between tikenew proteins
ates a superroot that contains all the nodes with height largeénd then proteins that the database originally contains, then
thano,. B tends to be smaller. Otherwisg, tends to be larger. In
In our implementation of the incremental phase, a heurthe additional experimentg, ranges from 0.830 to 0.979. In
istic mechanism that exploits the nature of the single-linkfact, 0 and 1 are the theoretical lower bound and upper bound
algorithm is employed to accelerate the reconstruction oper#@f 8, respectively, as the time complexity of generating a
tion described above. The detailed description of the accelepew dendrogram wittk new proteins added into a protein
ated reconstruction process can be found in (Chen, 2003, httgatabase containingproteins is bounded betweer() and
/imars.csie.ntu.edu.tw/~cychen/PhDThesisChen2003.pdf). Okn?logn).
) ) ] Anotherissue thatdeserves further analysis is the quantity of
2.5 Analysisof time complexity pairwise protein—protein similarity scores that must be com-
The completed analysis of time and space complexitieputed. The total number of pairwise similarity scores that must
of the proposed incremental clustering algorithm can beébe computed for including one new protein into the database
found in (Chen, 2003, http://mars.csie.ntu.edu.tw/~cychenéould be as high ag + g. As mentioned earlier, we typically
PhDThesisChen2003.pdf). In summary, if given that the timehaveq <« m and thus, for adding new proteins into the

—
|
—
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Table 1. Parameter settings employed in the experiments for the propose®.1 Evaluation of clus[ering and summarization

incremental clustering algorithm qualities
This section reports the experiments conducted to evaluate
Parameter Value the clustering and summarization qualities of the incremental

clustering algorithm proposed in this paper. With respect to

ZS (1) protein sequence clustering, a popular measure of cluster-
92 1 ing quality quantifies how well the clusters identified by the
Size of TempBuffer& s) 500 or 5000 clustering algorithm match the protein families identified by
Min_Cardinality 10 for leaf homogeneous clusters; 5 for biochemists (Kawajgt al., 2001; Yonaet al., 1999). LetS
non-leaf homogeneous clusters denote the set of clusters outputted by the clustering algorithm,
Min_Similarity 20 (bit-;core) forleaf homogeneous clusters; no the matching rate of with respect to a protein family in
constraint for non-leaf homogeneous clusters the InterPro (Apweileet al., 2000) is defined as follows:
|Ci N (F N D)|

cies |Ci U (F N D)

where(; is a cluster inS, D is the set of proteins on which

(1)

Table 2. Characteristics of the four datasets used in the experiments

Dataset Number Number of Number of proteins ~ Clusteringis conducted anf| denotes the number of proteins
of proteins cross-referenced labeled with family ~ in D. Accordingly, the weighted average matching rates of
InterPro Families identification is defined as follows:
_ 1
Mouse 4708 861 2563 M(S) = =———=> [IFEND|-M(F,S], (2
Human 7471 1067 3796 XrFinDl 4
Rat 2916 714 1902 . o
SP-41 122564 4212 82194 whereFy, F», F3,..., F; are protein families in the InterPro.

In this paper, evaluation of clustering quality is carried out
by comparing the dendrograms generated by the proposed
incremental clustering algorithm with those generated by the
database, the total number of pairwise similarity scores thagingle-link algorithm.

must be computed is in the order ofi). Figure 4 shows the weighted average matching rates
delivered by these two algorithms with the four benchmark
3 EXPERIMENTAL RESULTS datasets. In Figure 4, no cutoff threshold is imposed to flat-

Jen the dendrograms generated by the single-link algorithm.

This section reports the experiments conducted to eval : X .
a cutoff were imposed, then the weighted average matching

ate the performance of the proposed incremental clusterin ) i i :
algorithm. Section 3.1 addresses the clustering and su ates delivered by the single-link algorithm would turn lower.

marization qualities delivered by the proposed incrementaf*S F!gure 4 reveal;, the' proposgd mcremental clustering
clustering algorithm. Section 3.2 analyzes the execution timg!gorithm and_ the smgle-llnk_algorlthm deliver comparable
of the proposed incremental clustering algorithm. Table jPerformance in terms of weighted average matching rate.
shows the parameter settings employed in these experimedf% this experiment, the results of the proposed incremental
for the proposed incremental clustering algorithm and Table #'UStéring algorithm with the three smaller datasets, Mouse,
summarizes the characteristics of the four datasets used hjluman and Rat, are the averages of five independent runs
this study. Datasets Mouse, Human and Rat contain thgnth_random order of input sequence. .
proteins belonging to mouse, human and rat, respectively, With respect to summarlz_anon quality, Table 3 lists the
in Swiss-Prot (Release 40.0, October 2001). Dataset SP-41/MPers of non-leaf nodes in the dendrograms generated by
contains all the proteins in Release 41.0 (2003) of Swiss-Pro{he proposed algorithm and by the s!ngle-llnk algorithm with
In the experiments, parameters in Table 1 is set to 500 for the four benchmark datasets. Again, for the three smaller

the three smaller datasets Mouse, Human and Rat, and is setdgt@Sets. the results of the proposed incremental clustering
5000 for dataset SP-41 due to its size. In addition, as we ha gorithm are _the averages of five mdependent runs with ran-
attempted to emulate the environment in which new proteirf O™ order of input sequence. Table 4 lists the average depth
sequences are continuously added into the database, the saf}al @ USer needs to traverse in each dendrogram in order to
numbers of protein sequences are taken from the beginning'd @ cluster that matches one family in InterPro best. Here,
of the input datasets for construction of the initial dendro- cfl_usterC,- Ina dendrogr_?m‘l is said to match a family”
grams. In this paper, the bit-scores computed by the BLAS'fje ined in InterPro best, i

algorithm (Altschuktal., 1990, 1997) with BLOSUM®G62 table ICi N (FND)| max |C; N (FN D)

are employed. |CiU(FND)| CeH|C;U(FND)|
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BMouse B@Human ORat WSP-41 Table 3. Comparison of the numbers of non-leaf nodes in the dendrograms

90.00% « generated by the proposed algorithm and the single-link algorithm
85.00%
80.00% |— Dataset Number of non-leaf nodes
75.00% |— Single-link The proposed algorithm
70.00% [—
65.00% —— Mouse 4707 1333.8 6.14
60.00% ‘ Human 7470 1986.8 12.28

Single-link algorithm The proposed algorithm Rat 2915 806t 6.54

(a) SP-41 122563 25479

B Mouse OHuman ORa W@SP-41

90.00% Table 4. Comparison of the average depths that a user needs to traverse in
. 0

the dendrograms in order to find a cluster that matches one family in InterPro
85.00% *
best
80.00% [—] +
75.00% {—
70.00% {— Dataset Depth
65.00% || Single-link The proposed algorithm
60.00% {—
55.00% (— Mouse 798.33 1.8% 0.037
50.00% Human 1414.24 2.54 0.050
Single-link algorithm The proposed algorithm Rat 520.67 1.78&0.029
SP-41 15312.95 4.48

(b)

Fig.4. Comparison ofthe weighted average matching rates deliverethe protein families in the InterPro are located no more than
by the proposed incremental clustering algorithm and the single-linkjye levels down from the root. What Tables 3 and 4 com-
algori_thm. (a})_Comparijsc_)n of the weighted average matching_rate forpined imply is that, due to the summarization mechanism
protein families containing more than 10 proteirs) Comparison  jncorporated, the user can find protein clusters with biological
ofthe weighted average matching rate for protein families Comamm%eaning much more easily in the dendrograms generated by
more than 30 proteins. . . . -

the proposed incremental clustering algorithm than in the
dendrograms generated by the single-link algorithm. That is,
the proposed incremental clustering algorithm offers the users
highly concise dendrograms for analysis of protein clusters
with biological significance.

: Inthe discussion above, we have reported the overall cluster-
Z§=1 Depth([ ¥ (Fj, H)] ing and summarization quality of thepincremental clustering
A ' algorithm proposed in this paper. In the following, we will

present more in-depth analyses. One issue that we have
examined is the purities of the homogeneous clusters defined
(1) W(F;, H) denotesthe cluster iii that matches’; best;  as follows:

(2) Depth of clustenV(F;, H) in a dendrogran¥ is the

whereC; is a cluster in dendrograii, andD denotes the set
of proteins that# contains. Accordingly, given a dendrogram
H, the numbers listed in Table 4 are computed as follows:

where

number of edges on the path frob(F;, H) to the root . |F; N C|
of the dendrogram; pUrty(C) = l:max FoAC '
(3) F1,Fp,...,Fy, are families defined in InterPro that ‘k_lu..,f( k0 )‘

contains proteins i . where Fy, Fy, ..., Fy, are families defined in InterPro that

As shown in Table 3, the dendrograms generated by the praontains proteins in clustet.

posed incremental clustering algorithm contain much fewer The purity of the homogeneous cluster can be regarded as
non-leaf nodes than the corresponding dendrograms generatad inverse index of how likely proteins from different famil-

by the single-link algorithm. Furthermore, as Table 4 showsjes are mixed in a homogeneous cluster. In the dendrogram
the clusters in the dendrograms generated by the single-lingenerated by the proposed incremental clustering algorithm
algorithm that best match the protein families in the InterProwith the SP-41 dataset, there are 9017 homogeneous clusters
are deeply embedded in the dendrogram. On the other handjth two or more proteins and with family identification in

in the dendrograms generated by the proposed incrementhiterPro. Figure 5 shows a histogram of these 9017 homo-
clustering algorithm, most of those clusters that best matclygeneous clusters. Among these 9017 homogeneous clusters,
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£ 10000 20 because they contain domain ‘GlutathioSetransferase,
E 1061 C-terminal’.
@ 1000 397 P
2 100 B 54 3.2 Evaluation of execution time
() — T
g oy M As elaborated in Section 2.5, the time complexity of the pro-
é 10 8 R posed incremental clustering algorithm for generating a new
= 4 U AN NS D A3 dendrogram witlt new proteins added into a protein database
o o o . .
2§ 8§88 3R 38§88 5 E is O(km®logm), wherem is the number of leaf homogeneous
N — — L — — — — — . .
AR R R = S B~ clusters in the dendrogram corresponding to the current ver-

# of proteins in a leaf homueneous cluster sion of the database. Therefore, itis important to analyze how

m grows as the number of proteins in the database, denoted
Fig.5. The statistics for the homogeneous clusters with two or morddy 7 in the following discussion, increases. Figure 7 shows
proteins and with family identification. the results from running the proposed incremental clustering

algorithm to cluster all the proteins in Swiss-Prot (Release

41.0, 2003, 122564 proteins). It is observed that the rela-
there are 8653 clusters with purity equal to 1 and the weightedon between log: and log: is governed by a linear equation
average purity of these 9017 homogeneous clusters is 98.50%ith slope equal to 0.865. In other words, we have= cn”

Another issue that we have examined is how consisterdnd 8 = 0.865. We also conducted four additional experi-

the proposed incremental clustering algorithm is. We havenents to get more insight about the relation betwgeand
compared how the human proteins in the Human dataset athe characteristics of the dataset. The general observation is
clustered in the dendrograms generated with the Human datéhat if the dataset contains a large number of highly similar
set and with the SP-41 dataset. The analysis is based on tpeotein sequences, thghtends to be smaller. Otherwisg,

modified matching rate defined in the following: tends to be larger. In the experiments conducted to cluster
the human, rat and mouse proteins, the obsegvealues are
[P NC;N(FND)| 0.948, 0.979 and 0.888, respectively, wheis sufficiently

/ —
M(F,5) = Cmgl;( [PN[C; U(FND)]’ large. On the other hand, if clustering is conducted on a data-

set that contains proteins from two species, then the observed

whereC; is a cluster in dendrogray D is the set of proteins 8 values is smaller, 0.830 in this case. The reason behind this
on which clustering is conducted atis the Human data- observation is that there exists alarge number of highly similar
set set. Among all the families that contain the proteins inprotein sequences in the human, mouse and rat datasets. As
the Human dataset, 71.08% have exactly identical modifiednentioned earlier, in no case, couldexceed:. Therefore,
matching rates with the two dendrograms, the one generatdtie upper bound o is 1.
with the SP-41 dataset and the one generated with the HumanFigure 8 shows the actual execution time of the proposed
dataset. In addition, 20.5% have a higher matching rate wittncremental clustering algorithm in one benchmark case. In
the dendrogram generated with the SP-41 dataset, and 8.42¥is experiment, 7000 human proteins in Swiss-Prot are incre-
have a higher matching rate with the dendrogram generatesientally added into the dataset that contains 4708 mouse
with the Human dataset. Overall, the experimental resultproteins in Swiss-Prot. Each time 500 proteins are added and
reveal that the proposed incremental clustering algorithm petthe proposed algorithm resorts to an abstraction generated
forms quite consistently with datasets of different sizes andby the previous run of the algorithm to carry out clustering
distributions. incrementally. In fact, the execution time of the proposed

Figure 6 presents a subtree of the dendrogram generatéacremental clustering algorithm is dependent on the imple-
with the Human dataset to demonstrate the effects achievatdentation of the single-link algorithm. In other words, if the
with the proposed incremental clustering algorithm. In thissingle-link algorithm can run faster due to a more advanced
example, the Glutathiones-transferase proteins with an implementation, the proposed incremental algorithm also
identical subunit are clustered in the same leaf homogeneoumnefits from this. The execution time reported in Figure 8a
cluster and each of these homogeneous clusters corresportfses not include the time taken to compute the pairwise simil-
to a family defined in InterPro. The only exception is the leafarity scores among proteins. Figure 8b compares the number
homogeneous cluster that contains GlutathiSfieansferase of pairwise similarity scores that need to be computed with the
theta 1 and Glutathion§-transferase theta 2, which do not proposed incremental clustering algorithm in this experiment,
belong to any family in the InterPro. In this subdendro-in comparison with that need to be computed, if clustering is
gram, all proteins except the four in family IPR002946 carried out without the summarization process. It is observed
contain domains ‘Glutathion&-transferase, C-terminal’ and that the proposed incremental clustering algorithm reduces
‘Glutathione S-transferase, N-terminal’. The four proteins the number of sequence alignment operations that need to be
in family IPR002946 are present in the subdendrogramcarried out by~70%.
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—  GTM3_HUMAN
L GTM5_HUMAN
GTM2_HUMAN
—  GTM4_HUMAN
—  GTM1_HUMAN
GTP_HUMAN
—  GTA2_HUMAN
L GTAL_HUMAN
L GTA3_HUMAN
L GTA4_HUMAN
GTT1_HUMAN
GTT2_HUMAN
GTO1_HUMAN
MAAI_HUMAN
CLI4_HUMAN
CLI3_HUMAN
CLIZ_HUMAN
CLI2_HUMAN

P21266
P46439
P28161
Q03013
P09488
P09211
P09210
P08263
Q16772
015217
P30711
P30712
P78417
043708
Q9Y696
095833
000299
015247

Glutathione S-transferase Mu 3
Glutathione S-transferase Mu 5
Glutathione S-transferase Mu 2
Glutathione S-transferase Mu 4
Glutathione S-transferase Mu 1
Glutathione S-transferase P
Glutathione S-transferase A2
Glutathione S-transferase Al
Glutathione S-transferase A3-3
Glutathione S-transferase A4-4
Glutathione S-transferase theta 1
Glutathione S-transferase theta 2
Glutathione transferase omega 1
Maleylacetoacetate isomerase

Chloride intracellular channel protein 4

Chloride intracellular channel protein 3

Chloride intracellular channel protein 1

Chloride intracellular channel protein 2

IPR0O03081 - Glutathione S-transferase, Mu class

:l IPR003082 - Glutathione S-transferase, Pi class

IPR003080 - Glutathione S-transferase, alpha class

:| IPR005442 - Glutathione S-transferase, omega-class
:| IPRO05955 - Maleylacetoacetate isomeras

IPR002946 - Intracellular chloride charine

Fig. 6. An example that demonstrates the effects achieved with the proposed incremental clustering algorithm.

Swiss-prot (122564 proteins, release 41.0)

y = 0.8649x + 0.4958

16 @
i e
2 12 g 0
= 10} g 4

8 1 1 1 o
10 12 14 16
log (n)

Fig. 7. Results from the experiments conducted to study the correl
ation betweenn (the number of leaf homogeneous clusters) and (b)
(the number of proteins) on all the proteins in Swiss-Prot.

4 CONCLUSION

This paper presents the design of a novel incremental hie/2

er of operation

archical clustering algorithm aimed at generating high-qualityg
dendrograms for analysis of protein databases. The proposi
incremental clustering algorithm employs a statistics-base
model to summarize the distributions of the similarity
scores among the proteins in the database and to contrplg. 8. Comparison of the execution times of the proposed incre-
formation of clusters. Experimental results reveal that, duenental clustering algorithm and the single-link algorithm) The
to the summarization mechanism incorporated, the proposeskecution times. i) Number of sequence alignment operations
incremental clustering algorithm offers the users highlyexecuted.
concise dendrograms for analysis of protein clusters with
analysis for a protein database starting from scratch, when
Another distinction of the proposed algorithm is its the protein database is updated. Instead, the incremental clus-
incremental nature. This feature is essential for efficientering algorithm can refer to an abstraction generated by the
handling of the contemporary protein databases, as the sizgsevious run of the algorithm and carry out the analysis much
of these databases continue to grow at fast rates. Witmore efficiently. The experiment conducted with the Swiss-
incremental clustering, there is no need to carry out clusteProt protein database shows that the time complexity of the

biological significance.
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proposed incremental clustering algorithm for generating apweiler,R., Attwood,T.K., Bairoch,A., Bateman,A., Birney,E.,
new dendrogram withnew proteins added into a proteindata-  Biswas,M., Bucher,P., Cerutti,L., Corpet,F., Croning,M.D.R.
base containing proteins is anﬂlogn), whereg ~ 0.865, et al. (2000) InterPro—an integrated documentation resource for
provided thak < n. protein families, domains and functional sitBminformatics, 16,

As protein sequence clustering is so useful in analysis of 1145-1150.

protein functions and structures, continuous enhancements GfITOCN-A- and Apweiler,R. (2000) The Swiss-Prot protein sequence

. - : . database and its supplement TrEmBL in 200@cleic Acids Res.,
clustering algorithms are essential for developing more effect- 28, 4548

ive approaches for discovery of new knowledge. Based ORolten,E., Schliep,A,, Schneckener,S., Schomburg,D. and

the results presented in this paper, there are several ISSUeSgchrader,R. (2001) Clusteirng protein  sequences-structure
that deserve further investigation. The first issue concerns prediction by transitive homology.Bioinformatics, 17,
handling of multi-domain proteins. A multi-domain protein  935-941.
could belong to more than one protein families. Due to theChen,C.-Y. (2003) Incremental hierarchical clustering algorithms
nature of the hierarchical agglomerative clustering algorithm based on statistical models. PhD ThesNational Taiwan
invoked in this paper, in the dendrogram generated by the University, Taipei, Taiwan.
proposed algorithm, a protein cannot be present in two SibDa_yhoff,M.O. (1976) The origin and evolution of protein superfam-
ling clusters. Itis of interest to investigate whether approaches !i€s- Fed. Proc., 35, 2132-2138. _ .
such as that proposed by GeneRAGE (Enright and Ouzouni§™"9ntA-J., Dongen,S.V. and Ouzounis,C.A. (2002) An efficient
2000) for detecting multi-domain proteins can be exploited algorlthm for large-scale detection of protein familidgicleic

. . . . . AcidsRes., 30, 1575-1584.
to deal W't_h th!S problem. Another pOSS_;Ible Improvement I?Enright,A.J. and Ouzounis,C.A. (2000) GeneRAGE: A robust
the execution time of the proposed algorithm. As elaboratedin 4gorithm for sequence clustering and domain detection.
Section 2.5, the time complexity of the proposed algorithmis a  gjginformatics, 16, 451-457.
function of the number of leaf homogeneous clusters involvedisher,D. (1987) Improving inference through conceptual cluster-
in the reconstruction process. Therefore, if the number of leaf ing. In Proceedings of 6th National Conference on Artificial
homogeneous cluster involved is reduced, then the proposed Intelligence (AAAI-87). Seattle, WA, pp. 461-465.
algorithm can execute faster. One possibility in this regardfan,J. and Kamber,M. (2000)Data Mining:  Concepts
is to detect outlier proteins and develop a different mechan- &nd Techniques. Morgan Kaufmann Publishers, New York. _
ism to process them, so that they will not be involved in theHedyi.H. and Gerstein,M. (1999) The relationship between protein
reconstruction process. Another issue that we have started S"Ucture and function: a comprehensive survey with application
to investigate is how to combine the statistical models base {o the yeast genome. Mol, Biol., 288, 147-164.

. ) . . ain,A.K. and Dubes,R.C. (198&gorithms for clustering data.
approach employed in this paper for controlling formation of = p o ice Hall. New Jersey.

clusters with other clustering algorithms. Jobson,J.D. (1991Applied Multivariate Data Analysis, Springer-
Verlag, New Jersey.
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