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Abstract. Consensuspatterns, lik emotifs and tandem repeats,are highly
conserved patterns with very few substitutions where no gaps are al-
lowed. In this paper, we present a progressive hierarchical clustering tech-
nique for discovering consensuspatterns in biological databases over a
certain length range. This technique can discover consensuspatterns with
various requirements by applying a post-processingphase. The progres-
sive nature of the hierarchical clustering algorithm makesit scalableand
e�cien t. Experiments to discover motifs and tandem repeats on real bio-
logical databasesshow signi�can t performance gain over non-progressive
clustering techniques.

1 In tro duction
A consensuspattern is a highly conserved pattern with very few substitutions
where no gaps are allowed within the pattern. Discovering consensuspatterns
has several applications especially in biological databasesfor the caseof motifs
and tandem repeats. Motifs are highly conserved patterns that appear in the
upstream region of genes.Motifs are regulatory elements that regulate the ex-
pression of genesand hence the functionalit y of the cell. Tandem repeats are
highly conserved patterns too. They appear several times after each other in a
DNA sequence.The regions in which tandem repeats appear are called repeat
regions. Tandem repeats are consideredDNA signatures, and have an impor-
tant evolutionary role [30]. Discovering motifs and tandem repeats in biological
databasesis crucial for understanding the geneticsof the cell. Discovering con-
sensuspatterns raisesseveral challengesthat make applying data mining tools
such as clustering techniques a nontrivial task. In particular, the patterns that
we are looking for are usually unknown, the length of the consensuspatterns is
unknown.

In this paper, we propose a progressive hierarchical clustering technique,
called Bio-CP, for discovering consensuspatterns. Bio-CP discovers consensus
patterns by clustering similar patterns together over a range of �xed lengths.
Each cluster represents a candidate set of consensuspatterns. The processingof
Bio-CP is divided into phases.In each phase,wediscover the candidateconsensus
patterns for a certain length. Then, we proceedto the next phasein an incre-
mental manner to obtain the candidate patterns with the subsequent length. At
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the end of each phase,we perform a post-processingphaseto apply any domain
speci�c requirements over the candidate patterns. Bio-CP is applicable to a wide
range of applications sinceit allows any domain speci�c requirements to be ap-
plied independently in a post-processingphase.Furthermore, Bio-CP executes
progressively and hencesigni�can tly reducesthe processingoverheadcompared
to non-progressive clustering techniques. However, in its original form, Bio-CP
involvesa high overheadin the �rst phasedue to computing and storing a large
distance matrix. To addressthis issue,we proposeseveral scalability techniques
to reduceboth the storageand CPU overheads.

The rest of the paper is organizedas follows. We discussthe related work in
Section 2. In Section 3, we present Bio-CP conceptsand methods. Scalability
issuesare discussedin Sections 4. The experimental results are presented in
Section 5. We concludein Section 6.

2 Related Work

Pattern similarit y is studied in several application domains. In data mining, fre-
quent pattern mining is the problem of discovering similar patterns that appeara
number of times above a certain threshold in the database,e.g., [2,4]. Frequent
pattern mining techniques cannot handle e�cien tly the problem of discover-
ing consensuspatterns for the following reasons:(1) Consensuspatterns allow
approximate matching, whereasfrequent pattern mining techniques (even the
techniques that allow gaps) usually search for only exact matches.(2) Frequent
pattern mining techniquesinvolvehigh overheadin the early phasesin which too
many short frequent patterns are discovered. The length of theseshort patterns
can be out of the interesting range of the consensuspatterns. Similarit y search
techniquesaim at searching for a query string in a databaseof sequences,e.g.,[1,
3,5,17]. Several data structures are developed for searching string and sequence
data, e.g., su�x trees, e.g., [28,29], and su�x arrays, e.g., [27,29]. While these
techniquesand data structures are related to our targeted problem, they cannot
be applied directly for discovering consensuspatterns since we do not have a
query string to search for in the �rst place.

Clustering techniquesrely on grouping similar patterns or objects together [10,
14]. MOPAC [13] is an agglomerative clustering technique to discover motif con-
sensuspatterns in biological databases.MOPAC solvesthe problem for a speci�c
motif length. For a length range,MOPAC needsto be re-executedfor each can-
didate motif length. Usually, using existing clustering techniques to discover
consensuspatterns is limited to discovering such consensusfor a speci�c length,
which is not general enough since the length of such patterns is not known a
priori. In contrast, our techniques extend clustering techniques to work over a
range of lengths in a scalableway.

Several statistical and non-statistical approacheshave been proposedin bi-
ological databases.Most of these approaches target either motifs or tandem
repeats but not both. Examples of statistical techniques for discovering motif
patterns can be found in [7,8,16,20]. A statistical technique for �nding tandem
repeats in DNA sequencesis proposedin [9]. Other non-statistical techniquesin-
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cludesPROJECTION [11], COPIA [21], and WINNO WER [24] for discovering
motifs and one technique [19,22] for discovering tandem repeats.

3 Bio-CP Concepts and Metho ds

Bio-CP is a progressive technique for discovering consensuspatterns for a given
databaseof sequence,a length range,and a threshold for clustering patterns to-
gether at a certain length. More precisely, given (1) a databaseD of N sequences,
i.e., D= f S1, S2,..., SN g where each sequenceSi (1� i� N) has length L i , (2) a
length range[min len � � � max len] over which consensuspatterns needto be dis-
covered, and (3) a user-speci�ed threshold � , 0� � � 1, that speci�es the distance
threshold beyond which no further patterns can be clustered together (a small
value indicates tighter clusters and higher similarit y among the discovered con-
sensuspatterns), Bio-CP returns a set of clusters;each cluster represents a group
of consensuspatterns for a given length within the user-speci�ed length range.
The distance between a pair of patterns can be measuredusing the Hamming
Distance [15] or any distance metric that doesnot allow insertions or deletions
like the substitution matrix. In this paper, we usethe Hamming Distance.

Bio-CP proceedsin phaseswhere each phase discovers the clusters for a
certain length within the speci�ed range. In the �rst phase(Pmin len ), we dis-
cover the clusters for patterns of length min len, and in the subsequent phases
(Pmin len +1 , Pmin len +2 , � � �, Pmax len ), we incrementally extend existing pat-
terns to discover the subsequent clusters corresponding to each length. Initially ,
Bio-CP divides the sequencesin the databaseD into sliding windows of length
min len. Each sliding window Wk

ij is identi�ed by three indexesi, j, and k, where
i speci�es the sequenceidenti�er, j speci�es the start position within sequence
Si , and k speci�es the length of the sliding window. The index k is initially set
to min len and k increasesby one as we move from one phaseto the next one.
We build a list Q that contains all possiblesliding windows (Figure 1(a)). Each
node in the list represents a pattern or sliding window, and consistsof four �elds:
index i , index j , a pointer to the pattern, and a pointer to the next pattern in
the list. These nodes will form the leaf level of a clustering hierarchy that will
be built on top of them. In the rest of the paper, we usethe terms `window' and
`pattern' interchangeably to refer to the sliding window pattern.
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Fig. 1. (a) Patterns list structure (Q). (b) Sorted list structure (S)



IV

In phase Pmin len , Bio-CP starts by measuring the distance between each
possiblepair of patterns on length min len, and then inserting an entry for this
pair into a sorted list S. List S is maintained in an ascendingorder of distance
values such that the pairs that are the closestto each other will be at the top
of the list and will be the �rst to be merged together. The structure of list S
consistsof �v e columns (seeFigure 1(b)): The �rst column holds a pointer to
a pattern in Q, the secondcolumn holds also a pointer to a pattern in Q, the
third and fourth columns hold distance values, and if that entry will create a
new node in the clustering hierarchy, then the �fth column will hold a pointer
to this new node, otherwise it is NULL. The values in the Ref distance column
serve as referencevalues and will not change while proceedingfrom one phase
to another. However, the values in the Distance column will be updated as we
progressin the algorithm.

Our target is to generateclustersover a rangeof lengths.Thus, it is important
to normalize the distance valuesrelatively to the patterns lengths (the distance
betweenany pair is always between0 and 1.) Furthermore, generating the dis-
tance matrix as a sorted list (S) does not involve additional overhead. Indeed,
since we have prior knowledge of the possiblevalues that will be inserted into
the list, (the Hamming Distance betweentwo patterns of length L is between0
and L) then each new entry can be directly hashedto its proper sorted location
in the list. We maintain a linked list for each distancevalue. After all the entries
are inserted into their corresponding lists, we link theselists together to form list
S. Bio-CP is applied over two clustering metrics, single-link [26], presented in
Section3.1 and complete-link [18] presented in Section3.2. Typically, single-link
clustering involveslessprocessingoverheadthan complete-link clustering. How-
ever, in the caseof large databases,single-link clustering generatespoor quality
clusters due to the chaining e�ect [23].

3.1 Progressiv e Single-link Clustering

In single-link clustering, the distance between two clusters is the distance be-
tweenthe closestpair of patterns in theseclusters. The objective is to mergein
each step the closestpair of clusters into one cluster. We refer to Bio-CP with
single-link clustering by Bio-CP/S. In the �rst phasePmin len , we scanthe list S
until we reach the �rst entry with distance larger than or equal to � . Any entry
after that entry has a distance value larger than or equal to � . For each entry ,
say e, we check if the two patterns in e belong to the same cluster; If this is
the case,then e is skipped, otherwise, the corresponding two clusters, say Ci

and Cj , are merged into a new cluster Ck . The merge operation involves three
steps: (1) Create a new cluster Ck in the clustering hierarchy. Make Ci and
Cj children for Ck . (2) Traverseclusters Ci and Cj to reach all their members
at the leaf level. Update the pointer associated with each member to point to
cluster Ck instead of Ci or Cj . (3) Add a pointer in entry e to point to the
newly created cluster Ck . Figure 2 shows an exampleof clustering �v e patterns.
Note that the fourth entry in list S doesnot createa new cluster node, therefore
its Cluster pointer value remains NULL. Recall that each window is initially in
a separate cluster and the pointer associated with it points to itself. Also all
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Fig. 2. Updating the clustering hierarchy and S after processingthe �rst four entries

the pointers in the sorted list S are initially NULL. Maintaining the pointers in
steps(2) and (3) is crucial for e�cien t processingin the subsequent phases.For
example the pointer associated with each window, and maintained in step (2),
allows us to detect if two membersbelongto the samecluster in a constant time.

Now that we generated the clusters of the consensuspatterns of length
min len, wecanstart generatingthe clustersfor the subsequent phasesPmin len +1 ,
Pmin len +2 , � � �, Pmax len in an incremental way. Since the windows are sorted
in S basedon length min len, then all the subsequent phaseswill referencethese
windows for further extensions.In addition, thesesubsequent phaseswill refer-
encethe distancevaluesmeasuredin phasePmin len . For this reason,each entry
in S keepsa copy of this referencedistance value (Ref D istance).

Generally speaking, generating the clusters in any phasePmin len + t involves
extending the windows in phasePmin len by t letters. Our progressiveprocessing
is basedon two key observations.

Observ ation 1 The changein the distance values among the windows due to
extending them by t letters is bound. The bound is computed using the Equation
� max t = t

min len + t .

Observ ation 2 The value of � max t increasesmonotonically with respect to t ;
the size of C(t) is always increasing: C(t-1) � C(t); where 2 � t .

Observation 1 implies that the maximum changein the distancevalue due to
appending t letters is � � max t . Therefore, the only entries in S that may cross
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the threshold � in phasePmin len + t , and thusmay changethe clustering hierarchy
arewithin � � max t from � . Let C(t) be the setof entries that arewithin � � max t

from � ; entries in C(t) are the only entries that need to be updated in phase
Pmin len + t . This would simply consist in comparing the newly appendedt letters
and modifying the distance value. Finding the entries in S that belong to C(t)
is performed by scanning S in both directions starting from the last processed
entry in phase Pmin len (i.e., the last entry that has Ref D istance < � ). All
entries that have Ref D istance value within � � max t from � will be in C(t).

Observation 2 implies that the entries in C(t) that need to be updated in
phasePmin len + t can be divided into two types:(1) the entries that were in C(t-
1) in the previous phasePmin len + t � 1 and (2) the entries that are addedduring
the current phasePmin len + t . The entries in the latter type require comparing
the newly appendedt letters to update their distances.In contrast, the entries in
the former type require only one letter comparison(the last appendedletter) to
update their distances.In summary, Observation 1 determineswhich entries to
update and Observation 2 allows for an e�cien t update of theseentries' distance
values.The main framework for progressive processingis given in Figure 3. Note
that the equation for � max t is general for the Hamming distance as well as for
any substitution matrix having valuesranging from 0 to any positive number. 
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Fig. 3. Progressive processingfor the candidate entries

The next step is to identify which of these entries trigger a changeover the
existing hierarchy; i.e., split or mergeoperations:

{ If the distance before the update is less than � and the distance after the
update is still lessthan � , then this entry will not trigger any change.

{ If the distancebeforethe update is larger than or equal to � and the distance
after the update is still larger than or equal to � , then this entry will not
trigger any change.

{ If the distance before the update is less than � and the distance after the
update is larger than or equal to � , then this entry will trigger a split to take
place only if the entry has a cluster attached to it.
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{ If the distancebeforethe update is larger than or equal to � and the distance
after the update is lessthan � , then this entry will trigger a merge to take
place only if the windows in this entry belong to di�eren t clusters.

If none of the entries in C(t) triggers splits or merges,then the clusters in
the current phasePmin len + t will be the sameas the clusters generatedin the
previous phasePmin len + t � 1. If there are entries in C(t) that trigger splits or
merges, then the entries in C(t) need to be scannedto perform the required
changes.

Performing a split operation, triggered by an entry e in list S, on a cluster C
involvesthree steps: (1) Traversethe left child cluster of C, i.e., C1, to reach all
its members in the leaf level. Update the pointer associated with each member
to point to cluster C1 instead of C. (2) Traverse the right child cluster of C,
i.e. C2, to reach all its members in the leaf level. Update the pointer associated
with each member to point to cluster C2 instead of C. (3) Invalidate the pointer
attached to entry e by setting it to NULL.

Recall that the pointers maintained at the leaf membersof the hierarchy and
the entries in the sorted list allow performing the identi�cation processe�cien tly .
Detecting whether an entry in the sorted list has a cluster attached to it is
performed in constant time by checking the pointer associated with this entry .
Also, detecting whether two windows belongto di�eren t clusters is performed in
constant time by checking the pointers associated with these windows. Finally,
performing a mergeor split operation is performed, as explained previously, in
the order of the cluster size. The issue of maintaining the hierarchy pointers
is thightly related to the union-�nd problem [25]. For example, another way of
maintaining the pointers is to make each node points to its direct parent only.
In that case,detecting whether two windows belong to di�eren t clusters or not
is performed in order of the cluster size(in the worst case),however a mergeor
split operation is performed in a constant time.

It is important to keep the clustering hierarchy consistent while performing
the splitting and merging operations. To achieve this consistency, all the split
operations are performed beforeany mergeoperations in the backward direction
(i.e., we processthe entries of C(t) in a bottom-up fashion), and then all the
merge operations are performed in the forward direction (i.e., we processthe
entries of C(t) in a top-down fashion). Algorithm 1 describes the incremental
processingfor discovering the clustersat phasePmin len + t . The following lemma
states that Bio-CP/S producesexactly the same clusters as a non-progressive
single link technique. We omit the proof due to the lack of space.

Lemma 1. Bio-CP/S produces exact results in all phasescompared to the re-
sults generated by the non-progressivetechnique.

3.2 Progressiv e Complete-link Clustering

Bio-CP/S has two advantages:(i) it producesexact results and (ii) the single-
link clustering it employs haslessprocessingoverheadthan that of complete-link
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Algorithm 1 Progressive clustering at phasePmin len + t

Inputs From the Previous Phase:
-Sorted list S
- The Clustering hierarchy from the previous phasePmin len + t � 1

-� max t � 1 from the previous phasePmin len + t � 1

Computations at the Curren t Phase:
-Compute � max t

-Entries within � � max t � 1 from � are updated
by comparing the last letter appended to the patterns

-Entries within � � max t but outside � � max t � 1 from �
are updated by comparing the last t letters appended to the patterns

-Identify the entries that cross � and trigger
split or merge operations

-Perform the required split operations in the backward
direction (processthe entries bottom-up)

-Perform the required merge operations in the forward
direction (processthe entries top-down)

clustering. However, for large databases,Bio-CP/S producesclusters with poor
quality due to the chaining e�ect. In this section, we proposeBio-CP/C where
we apply Bio-CP using the complete-link metric for clustering. In complete-
link clustering, the distance between two clusters is measuredas the distance
between the farthest pair in the two clusters. Therefore, the diameter of any
resulting cluster is always lessthan the user speci�ed threshold � .

Building the clustering hierarchy in the �rst phase, Pmin len , is similar to
building the hierarchy using the single-link metric, except in the merging condi-
tion. After constructing the sorted list S, S is scanneduntil we reach the �rst
entry with a distance larger than or equal to � . For each entry e in S, if the two
patterns in that entry , i.e., W1 and W2, belong to the same cluster then e is
skipped, otherwise if W1 and W2 belong to di�eren t clusters, i.e., C1 and C2,
then Bio-CP/C checks whether W1 and W2 are the farthest pair in C1 and C2.
If this is the case,then C1 and C2 are merged into a new cluster C, otherwise,
entry e is skipped. The merge step in Bio-CP/C is similar to the merge step
in Bio-CP/S except that we do not need to maintain the pointers attached to
the entries in list S (Step 3 in the mergeprocedure).Thesepointers are usedin
Bio-CP/S to identify e�cien tly which entries will trigger splits in the subsequent
phases.However, in Bio-CP/C, the splitting condition is di�eren t and doesnot
depend on thesepointers.

After generating the clusters of the consensuspatterns of length min len
in phasePmin len , Bio-CP/C generatesthe clusters for the subsequent phases
Pmin len +1 , Pmin len +2 , � � �, Pmax len . In each phase,i.e., Pmin len + t , Bio-CP/C
computesC(t) (the set of entries to be updated) and then updatestheir distance
valuesin the sameway asthat of single-link clustering. Identifying which entries
will trigger splits or mergesis performed as follows:
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{ If the distance before the update is less than � and the distance after the
update is still lessthan � , then this entry will not trigger any change.

{ If the distancebeforethe update is larger than or equal to � and the distance
after the update is still larger than or equal to � , then this entry will not
trigger any change.

{ If the distance before the update is less than � and the distance after the
update is larger than or equal to � , then this entry will trigger a split to take
place whenever the windows in this entry belong to the samecluster.

{ If the distancebeforethe update is larger than or equal to � and the distance
after the update is lessthan � , then this entry will trigger a merge to take
place only if the windows in this entry belong to di�eren t clusters and are
the farthest in their clusters.

The splitting condition in Bio-CP/C is less strict than that in Bio-CP/S.
In Bio-CP/S, the only entry that can split an existing cluster is the one that
created the cluster. However, in Bio-CP/C, any pair of windows that belong to
the samecluster will split the cluster if their distance becomeslarger than or
equal to � . This is why Bio-CP/C doesnot maintain pointers with the entries in
the sorted list S. In addition, the merging condition in Bio-CP/C is more strict
than in Bio-CP/S; a pair of windows will mergetwo clusters only if this pair is
the farthest pair in theseclusters.

Bio-CP/C and Bio-CP/S use the progressive technique in almost the same
way. However, the results from Bio-CP/C are approximate in comparison with
the non-progressive technique as stated in the following lemma. We omit the
proof due to the lack of space.

Lemma 2. Bio-CP/C producesapproximate resultsin comparison to the results
produced by the non-progressivetechnique. However, the generated clusters stil l
satisfy the condition that the diameter of any generated cluster is lessthan � .

3.3 Post-Pro cessing Phase

The post-processingphaseallows to apply any available domain-speci�c require-
ments to re�ne the discovered consensuspatterns. Here are some examplesof
biological requirements that can be applied for discovering motifs and tandem
repeat. (a) The user may specify a minimum size for the desired clusters, such
that any cluster that contains fewer patterns than the speci�ed minimum size
will be ignored. (b) The user may specify any position requirements for the
discovered patterns. For example, whether the desired tandem repeats should
appear immediately after each other or a gap is allowed between the repeats.
(c) A DNA palindrome [8] is a sequencewhoseinversecomplement is the same
as the original sequence.The user may specify that the desired motif patterns
should have at least a certain palindrome degree.In this case,we check each pat-
tern against the speci�ed palindrome threshold and we qualify only the patterns
with higher palindrome degree.(d) The user may specify whether the desired
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consensuspatterns can overlap or not. For example, the occurrencesof real mo-
tifs usually do not overlap each other. In biological databases,although motifs
and tandem repeats have di�eren t post-processingrequirements, Bio-CP allows
both typesof patterns to be discovered in a single run.

4 Scalabilit y Issues in Bio-CP

While Bio-CP shows signi�can t improvement comparedto non-progressive clus-
tering techniques, it still involves a high overhead in the �rst phase due to
computing and storing the distance matrix. In this section, we proposea top-
k nearest-neighbor method to reduce the storage overhead and a heuristic to
signi�can tly reducethe number of comparisonsneededto get the top-k nearest-
neighbors for each pattern. We call the new algorithm Bio-CP/K. Another issue
with Bio-CP is that at some point the overhead to processand maintain the
entries in C(t) may becomecomparableto the overheadof resorting the entries
in list S. Bio-CP may need to reset the computations for list S. Due to space
limitations, we do not discussthe possiblesolutions for this issue.

4.1 Storage Reduction using Top-k Nearest-neigh bor

The top-k nearest-neighbor method is well known to reducethe sizeof the dis-
tance matrix [12]. In this method, only the top-k nearest-neighbors for each
pattern are stored and clustering techniques are applied over these stored pat-
terns only. While suing the top-k nearest-neighbor method with hierarchical
clustering techniques is straightforward, using it with Bio-CP is nontrivial. Due
to progressive processing,the lengths of the patterns increasefrom onephaseto
the next. Hence,the top-k nearest-neighbors for each pattern may changeacross
phases.Bio-CP/K ensuresthat, in each phase,every pattern will have its top-k
nearest-neighbor patterns among the patterns being processed.

Sincepatterns expand acrossthe phases,Bio-CP/K stores for each pattern
the union of the pattern's top-k nearest-neighbors over the di�eren t phases.For
example, if the set of top-k nearest-neighbors for pattern x in phasePmin len + t

is K t , then Bio-CP/K stores for x the union set [ x = [ (K t ); where 0 � t �
max len � min len. In this case, while x expands over the di�eren t phases,
Bio-CP/K ensuresthat x's top-k nearest-neighbors are among the patterns be-
ing processed.Bio-CP/K computesthe nearest-neighbors for each pattern while
constructing the sorted list S and before any of the processingphases.Con-
structing the union of the top-k nearest-neighbors for pattern x is performed
incrementally as follows:

1. Initially [ x is empty

2. Compare pattern x with the remaining patterns based on length min len.
The result from the comparison is a list L sorted based on the distance
values.

3. Add the �rst k patterns in L to [ x . Let the distancevalue of the last pattern
of thesek patterns be K D ist .
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4. To expand pattern x and re-compute x's top-k nearest-neighbors, we repeat
the following stepsfor t from 1 to (max len � min len):

{ The maximum change in the distance value due to appending t letters
is � max t = t

min len + t

{ Check the patterns in L that are within � 2� max t from K Dist by
appending and comparing t letters to the patterns with pattern x. These
patterns are the only onesthat may substitute each other as the top-k
nearest-neighbors.

{ If any pattern of the new top-k nearest-neighbors is not in [ x , we add
it to [ x .

The reason for considering � 2� max t instead of � � max t as in Bio-CP is
that we do not careabout the absolute value of K D ist . Instead, we care about
the relative order among the patterns around the K D ist point.

After computing x's nearest-neighbors [ x , Bio-CP/K inserts pairs (x, y)
8y 2 [ x in the sorted list S. Then the progressive processingis applied over S
as discussedin Section 3. Comparing Bio-CP/K to the non-incremental tech-
nique, we observe the following. First, Bio-CP/K involvessomeoverheadin con-
structing [ x . However, the non-incremental technique has to perform steps (2)
and (3) independently for each pattern in each length, which clearly involvesa
much higher overhead. Second,since each pattern will have at least its top-k
nearest-neighbors in S in each phase, then the results from Bio-CP/K are at
least as good as the non-incremental technique.

4.2 Pro cessing Time Reduction

In this section, we proposea heuristic to reducethe averagenumber of compar-
isons neededto �nd the nearest neighbors for each pattern in Bio-CP/K. The
main idea is that from comparing a given pattern x with the other patterns
in the database,we can obtain the top-k nearest-neighbors for several patterns
other than x in an e�cien t and lessexpensive way.

When pattern x is comparedwith other patterns in the databaseand list L is
constructed (seeSection4.1), the list is logically partitioned into groupsG0, G1,
..., Gmin len ; wheregroup Gi contains the patterns that have i mismatcheswith
pattern x. It is clear that we can directly get the nearest neighbors for all the
patterns that belong to group G0. They will have the samenearest neighbors
as pattern x. Similarly, for any pattern y in group G1, y's nearest neighbors
can be obtained e�cien tly becausewe know to a large extent in which groups
thesenearestneighbors will be. For example,the number of mismatchesbetween
pattern y and any pattern in group G0 is one,the number of mismatchesbetween
pattern y and any pattern in group G1 is either zero,oneor two, and the number
of mismatchesbetweenpattern y and any pattern in group G2 is either one, two
or three, and so on. Therefore, the comparisonscan be performed incrementally
basedon the need for more patterns to be added to the nearest neighbor list.
In that casewe avoid many unnecessarycomparisons.We should note that the
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patterns that match exactly with pattern y exist only in group G1 and these
patterns will have the same nearest neighbor list as y. The same idea applies
for the other groups. However, the power of the heuristic relies on processing
only the �rst few groups since the uncertainty in the number of mismatches is
very small for these groups. Most of the comparisonswill lead to patterns in
the nearest neighbor list. Using the proposedheuristic allows one scan to the
databaseto generate the required nearest neighbors for several patterns. As a
result, the overall number of comparisonsis reducedsigni�can tly .

5 Exp erimen tal Results
We evaluate the performance of Bio-CP for discovering motifs and tandem re-
peatsusing real datasetsfrom the E.coli genomesequence.We considertwo mea-
suresof performance;the processingtime and the cluster validit y. For the latter,
we use Jaccard and Rand coe�cients [14] to measurethe similarit y among the
clusters generatedfrom Bio-CP and the non-progressive clustering techniques.
All measuresfor the non-progressive techniques are cumulativ e values to gen-
erate the desiredclusters over multiple lengths. The non-progressive single-link

 
Fig. 4. Processingtime of Bio-CP/S and the non-progressive technique

technique simulates the MOPAC algorithm [13]. In the �rst experiment, we mea-
surethe performanceof Bio-CP/S. A �le of size25,000basesis used,� is assigned
a value of 0.3, and two length rangesare evaluated. Figure 4 illustrates that Bio-
CP/S and the non-progressive technique take almost the sametime in the �rst
phasein which the hierarchy is generated.However, in the subsequent phases,
Bio-CP/S takesmuch lesstime than the non-progressive technique that rebuilds
the hierarchy from scratch. Figure 4 shows that the processingtime for building
the hierarchy in the �rst phasein the caseof the range [40...50] is higher than
in the caseof the range [10...20].However, the time neededto progressfrom one
phaseto the next one in the caseof the range [40...50]is lessthan in the caseof
the range [10...20].The reasonbeing that the e�ect of extending longer patterns
is lessthan the e�ect of applying the sameextensionover shorter patterns. The
clusters generatedfrom both techniquesin this experiment are exactly the same
sincewe are using the single-link metric.

In Figure 5, we present the results of applying Bio-CP/C over the same
�le of size 25,000.The � threshold is assigneda value of 0.5. The behavior of
Bio-CP/C and non-progressive techniques is very similar to that in the caseof
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Fig. 5. Processingtime of Bio-CP/C and the non-progressive technique

 

Fig. 6. Clustering validation degree

Bio-CP/S. However, the generatedclusters from Bio-CP/C in this experiment
are approximate clusters. Figures 6(a) and 6(b) give the validit y degreeof the
clusters generatedin the caseof the ranges[10...20] and [40...50], respectively.
The �gure illustrates that the coe�cien t valuesare very closeto 1, which means
that the clusters generatedfrom incremental processingare very similar to the
ones generated from the non-progressive technique. In addition, the �gure il-
lustrates that the Rand coe�cien t detects higher similarit y degreeamong the
clusters than the Jaccard coe�cien t. The reason for this di�erence is that the
Jaccard coe�cien t doesnot take into account one similarit y factor, namely the
number of pairs, say (w1, w2), for which both clustering techniques assignw1

and w2 patterns to di�eren t clusters. The Rand coe�cien t takesthis factor into
account.

In Figure 7, we present the results of applying Bio-CP/K C, (Bio-CP using
complete-link metric and the top-k nearest-neighbors method). We usea �le of
size 150,000bases,with � assignedto 0.5. In this experiment, we store the top
0.1% nearest-neighbors for each pattern. Figure 7(a) gives the processingover-
head of the various techniques. The �gure illustrates that the non-progressive
technique involves infeasible processingoverhead in the caseof relatively large
�les. In Figure 7(b), we present the e�ect of applying Bio-CP/K C along with
the proposed heuristic in computing the nearest-neighbors when compared to
the naive way. The �gure illustrates signi�can t reduction in the processingtime
due to reducing the number of comparisons.The validit y measurefor the clusters
generated in this experiment is given in Figure 6(c). Note that the coe�cien t
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Fig. 7. (a) Processing time of Bio-CP/K C and the non-progressive technique. (b)
Heuristic versusnaive method

valuesfor the patterns of length 10 are no longer equal to 1. This slight dissim-
ilarit y in the �rst phase is due to the di�erence between the nearest-neighbor
setsmaintained by Bio-CP/K C and the non-progressive techniques.

We run several experiments to compare Bio-CP/C with the MEME algo-
rithm [6]. The closenessof the discovered motifs is highly a�ected by the �
threshold. With � assignedto 0.3 or 0.4, Bio-CP/C usually splits the motifs
discovered by MEME into multiple motifs. However, with � assignedto 0.6, the
motifs discoveredby MEME are a subsetof the motifs discoveredby Bio-CP/C.
This indicates that 0.6 is reasonablevalue for � . Bio-CP/C always producesmore
candidate motifs than MEME. However, MEME annotateseach motif with more
information such as the E-value and background probabilities due its statistical
nature.

6 Conclusions

In this paper, we proposed Bio-CP, a progressive hierarchical clustering tech-
nique for discovering consensuspatterns, namely motifs and tandem repeats,
in biological databasesover a range of possiblelengths. The progressive nature
of the hierarchical clustering algorithm makes it scalableand e�cien t. Bio-CP
is also applicable to a wide range of applications since any domain-speci�c re-
quirements are applied in a post-processingphase. We also proposed several
scalability techniques to enhancethe performance of Bio-CP in terms of pro-
cessingtime and storage. Our experiments illustrated that Bio-CP scalesvery
well with respect to the processingtime, and the clustering validation degrees.
In particular, Bio-CP has more than 500%processingtime improvement.
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