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Abstract

As sequence databases are growing rapidly, re-
sults from sequence comparison searches using
fast search methods such as BLAST and FASTA
tend to be long and difficult to digest. In this pa-
per, we present a new method to extract domain
information from sequence comparison searches
by clustering the resulting alignments according
to their similarity to the query sequence. Ef-
ficient tree structures and algorithms are used
to organize the alignment data such that struc-
turally conserved elements can be easily identi-
fied. The hierarchical nature of the data struc-
tures used and the flexible X-Window based in-
terface provide an efficient azld intuitive means
to explore the alignment data at different levels
so the main domains as well as distantly related
features can be explored.

Introduction

Sequence comparison tools are used routinely by re-

searchers to study the biological function of DNA
and protein sequences. Sequence alignments obtained

by sequence comparison often reveal structurally con-

served elements or domains due to descent from a com-

mon ancestor homology, and this often provides signif-

icant biological insight. BLAST (Altschul et al., 1990,
1994) and FASTA (Pearson and Lipman, 1988) are 

of the commonly used fast search methods.

A problem that comes with these search algorithms,
when a large database is searched, is that the output

list tends to be long and difficult t.o digest. This long
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output may be due to the redundancy of the database,

the presence of repetitive sequences such as Alu ele-

ments which are abundant in DNA sequences, or be-

cause the query sequence is homologous to a protein

family with many members. Interesting relationships

between the query and database sequences could be

buried in the hundreds of alignments in the output, of-

ten obscuring weak but uniquely interesting findings.

This problem has been recognized and several dif-

ferent methods have been developed to address it.

Many methods have been implemented to create non-

redundant databases [Bleasby and Wootton (1990),

Altschul et al, 1994]. Methods have also been devel-

oped to process the query sequence as well as the out-
put of sequence comparison searches to remove non-

interesting matches. Claverie and States (1993) devel-

oped a screening method to remove repetitive sequence

segments and low complexity sequence segments from

a query DNA sequence before search, thus removing

spurious matches caused by the repetitive sequences.

Sonnhammcr and Durbin (1994) developed an expert

system (HSPcrunch) that uses several rules to remove

the alignments of biased composition from the output
list. Another program developed by Miller and Fuchs

(1997) sorts the results of a BLAST sequence similar-

ity search according to sequence membership in user-

defined clusters of sequences.

In this paper, we investigate a different approach in

which matching sequences in a sequence comparison
search are classified algorithmically into clusters, each

corresponding to a similarity with a different region of

the query sequence. Using this method, domain infor-

mation ca~ bc clearly idcntificd. Sequenccs are orga-

nized in a tree structure such that similar sequences
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are grouped into subtrees. Efficient tree algorithms

are used to separate the tree into clusters with each

cluster corresponding to closely related sequences with
respect to the nature of their similarity to the query

sequence. The common features (consensus patterns)

of these clusters are extracted to reveal the main do-
mains that correspond to the query sequence. Weak

and distantly related sequences can be examined by

exploring the clusters hierarchically.

This method provides a mechanism that condenses

the sequence comparison search output and extracts

the domain information contained in the output. If

needed, one can explore any cluster of interest for

details or generate additional subclusters. An X-

Windows based interface has been developed for the

method and it can be used to analyze the outputs of

FASTA and BLAST as well as other search methods.

Data Representation
To classify database sequences according to the nature

of their similarity to the query sequence, we need to

represent the similarity data in a way such that the
similarity between all pair of sequences can be easily

quantified. Let n be the length of the query sequence.
We use the vector C = clc2...c~ to represent the simi-

laxity of a database sequence in the output to the query

sequence, where

1 if similar
c~ = 0 otherx~ise.

Here similar means the database sequence has a posi-

tive (> 0) score with the query sequence at position 

positive as defined in the similarity matrix used in the

search (such as PAM [Dayhoff et al, 1978] or BLOSUM

[Henikoff and Henikoff, 1992]).
The distance between two sequences is defined as the

difference between their vector representations (Ci and

CJ):

d(C~, C~) = ~ (e~4)
@

k----1

where & is the AND operation and ~ is the negation

operation. ~ (c~z~) returns a 0 if both c~ and ~ are

1, and returns a 1 otherwise. This formula is used to
calculate distances for all pairs of sequences.

By the distance definition, two sequences that match

the same region of the query sequence will have smaller

distance while sequences matching different regions
~dll have greater distance.

A consensus pattern Cc°n for a group of sequences

with representations C1, C2, ...C g is defined to be

1 if (Z~--1 c~i)/g > f
c~°n = 0 otherwise

where P is a constant. A consensus pattern serves as

a representation of a group of sequences and is used to

differentiate clusters.

Minimum Spanning Tree

The definition of the distance between two sequences

defines a relationship between any pair of sequences in

the sequence comparison search output, thus defining

a completely connected graph. The nodes represent

sequences and the edges represent their distances. A

Minimum Spanning Tree (MST) is a tree that connects

every node in a graph and the total distance of all edges

in the tree is minimum.

We use Prim’s algorithm [Aho et hi, 1974] to form a

MST. This is a nearest-neighbor method that guaran-

tees to find the MST. In this method, one starts with

an arbitrary node s and joins it to its nearest neigh-

bor, say y. That is, of all edges incident on node s,

edge(s, y), with the smallest distance, is made part

of the MST. Next, of all the edges incident on s or y

we choose one with the minimum distance that leads

to some third node, and make this edge part of the

MST. We continue this process of "reaching out" from

the partial constructed tree (so far) and bringing 

the "nearest neighbor" until all nodes reachable from

s have been incorporated into the tree.

Once a MST is constructed, we can pick any node

as the root of the tree. The "nearest-neighbor" con-

struction of the MST puts nodes close in distance into

subtrees of the MST. It is then easy to calculate the
number of nodes below a certain node, listing of these

nodes, and the edges that connecting them using any of

the tree traversal algorithms [Aho et hi, 1974]. We can
associate a consensus pattern with a subtree rooted at

a node s. The consensus pattern can be calculated by

first listing all the nodes below node s and calculat-
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ing the consensus pattern for the sequences associated

with these nodes.

A Clustering Algorithm
Once the MST is constructed, we can separate the tree

according to certain criteria. A useful property of a

MST is that if an edge is removed therefore separating

the MST into two subtrees, the two subtrees are still

MSTs ~ith respect to the complete subgraphs formed

by the nodes contained in the two subtrees. Our al-

gorithm is based on this property. We first find the

edge with the longest distance in a tree, and separate

the tree by removing the edge if the two resulting sub-

trees differ by a constant D between their consensus

patterns Ci and Cj, i.e., d(Ci,Cj) > D. A stack of

separated subtrees is maintained. The separation pro-

cess continues until no more subtrees can be further
separated. To have a control over the cluster size, a

user defined parameter M (minimum cluster size) lim-

its the minimal number of nodes that a cluster should

have. The steps of our method are:

1. Process the sequence alignment output to gather

similarity information and calculate the distances

between sequences;

2. Construct a MST using Prim’s algorithm;

3. Find the edge with the longest distance in the MST,

and separate the MST into two subtrees if the con-

sensus patterns of the two subtrees differ by D and

the number of nodes in each subtree _> M;

4. Repeat step 3 with the two subtrees until no more

subtrees can be separated.

The clustering algorithm separates the MST into

several subtrees each corresponding to a cluster. The

complexity of the clustering algorithm is O(m2n),
where m is the number of sequences in the sequence

comparison search output, and n is the length of the

query sequence.

Exploring the Hierarchy of the
Alignment Cluster MST

Given the constants D and .~.I, the algorithm classifies

the sequences into several chlsters according to the na-

ture of their similarity. Coarse clustering (with higher
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D and M) reveals main domains, and fine clustering

(with lower D and M) reveals weak and distantly re-

lated domains. The structure of the MST allows us

to explore the relationships of the sequences hierar-

chically. If any cluster needs to be further explored,

additional clustering can be performed for the selected

subtree representing the cluster.

An interactive interface based on X-Windows has

been developed for the clustering algorithm. Three

windows are used (see Fig. 1). The first window, la-

beled List of Clusters, lists the clusters and the num-
ber of nodes (sequences) in each cluster. The second

window, labeled Consensus Patterns, displays the con-

sensus patterns of the set of clusters. A ":" symbol in-

dicates a match and a "-" symbol indicates no match.
When a consensus pattern is longer than the Consen-

sus Patterns window can display, we use each symbol

to represent a short segment on the consensus pattern.

The consensus patterns are sorted according to the

positions of the matches, so the main domains are re-

vealed in the Consensus Patterns window from left to
right. The third window, labeled Alignment Data, dis-

plays the detailed alignment data for the members of a
cluster, as well as the sequence names, accession num-

bers, their ranking in the sequence comparison search
output, overlaps with the query sequence, and percent-

age of the identity in the alignment with the query

sequence.

The two parameters M and D can be easily changed

by the two slides in the Con.~ensus Patterns window.

If a clustering is not satisfactory, one can change the

two parameters and rerun the clustering.

If a cluster needs to be further explored, one can

select that cluster and use the expand button to run

the clustering algorithm (with finer parameters) just

on the subtree that represents the cluster. This will

create a number of sub-clusters which can reveal de-

tailed information hidden in the original cluster.

We use an example to demonstrate the use of the

clustering method. There are five domains in the pro-

tein sequence YMH5-CAEEL (Swissprot ID P34472):

C-type lcctin (30-160), an acid-rich stretch (160-540),

C-type lectin (540-620), Reverse Transcriptase (650-

980), and C-type lectin (1080-1150) [Sonnhammer 

Durbin, 1994].
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Fig. 1. The interface of our system consists of three windows: The first window, labeled List of Clusters, lists the
clusters and the number of sequences in each cluster. The second window, labeled Consensus Patterns, displays
the consensus patterns of the set of clusters. A ":" symbol indicates a match and a "-" symbol indicates no match.
The third window, labeled Alignment Data, displays the detailed alignment data for the members of a selected
cluster, as well as the sequence names, accession numbers, their ranking in the sequence comparison search output,
overlaps with the query sequence, and percentage of the identity in the alignment with the query sequence.
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A FASTA (Pearson and Lipman, 1988) search

against the protein database Swissprot (Release 32)

results in an output which is 6901 lines long, about

100 pages. The clustering results using our method

with M -- 5 and D -- 10 are displayed in Fig. 1. It

takes 14 seconds on a SUN SPARC 10 Workstation to

get the results. Four domains are identified as indi-

cated by the clusters. Notice that a domain may be

indicated by several clusters. The second cluster has

9 sequences but its consensus pattern (the last one in

the Consensus Patterns window) indicates no match,
a sign that this cluster is composed of sequences that

match different regions of the query sequence. Select-

ing the second cluster in the List of Clusters window

and viewing the actual alignments of the sequences in

the Alignment Data window confirms this (see Fig. 2).

To further explore the cluster, we select the second

cluster, reduce M to 3, and run the clustering algo-

rithm again (by clicking on the expand button). Two

subclusters are obtained which correspond to matches

to different regions (see Fig. 3), and one of them is the

fifth domain.

Conclusion

A new method has been developed to cluster sequence

alignment data from sequence comparison searches.

Using this method, the domain information is ex-

tracted and presented to the user in a clear and in-

tuitive way. The hierarchical structure of the method

together with the interactive interface provides a con-

venient and flexible means to explore sequence com-

parison search results.
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Fig. 2. The second cluster has 9 sequences but whose consensus pattern (the last one in the Consensus Patterns
window) indicates no match, a sign that this cluster is composed of sequences that match different regions of
the query sequence. When the second cluster in the List of Clusters window is selected, the alignments in the
Alignment Data window reveal that this cluster matches two different regions. Additional clustering is needed to
explore the details.
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Fig. 3. After the second cluster is expanded, two additional subclusters are generated, each corresponding to a
different region. One of the two regions (the bottom one) is the fifth domain which is hidden in the original cluster.
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