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Abstract

In this paper, we introduce a novel binary method for
fast computation of an objective function to measure inter
and intra class similarities, which is used for combining
multiple clusterings. Our method has the advantages of us-
ing less memory and CPU time. Moreover, compared with
the conventional technique we reduce the time complexity of
the problem considerably. Experimental test results demon-
strate the effectiveness of our new method.

1. Introduction

Clustering is the process of organizing objects into
groups which have similar members; a distance metric is
used for evaluating the similarity. Clustering, which is an
important problem, is also known as unsupervised classifi-
cation in the literature. In a cluster, hopefully, objects are
similar to each other and they are dissimilar to other objects
in other clusters.

Some of the clustering algorithms partition objects into
groups, therefore known as partitional clustering algo-
rithms. k-means [5] is the best known partitional cluster-
ing algorithm.k-means divides a set of objects intok clus-
ters, wherek is a user specified parameter. Another type
of clustering is hierarchical clustering algorithms; agglom-
erative methods are well known techniques for this type.
Yet another type of clustering is density based clustering;
DBScan is a popular algorithm that can correctly cluster
arbitrary shaped objects, when provided right parameters.

An expert, by using some of the attributes and his/her ex-
perience, can provide a clustering. Therefore, for the same
data set there may be multiple clusterings.

An important problem, which is known asCombining
Multiple Clusterings, is combining existing clusterings into

a final clustering. In the literature there are some good
methods and techniques for solving this problem. Also,
some methods are provided for evaluating the quality of the
final clustering; such as entropy, F-measure, intra-cluster
similarity, and inter-cluster similarity. Main contribution of
this paper is a new technique for efficiently computing intra-
cluster, and inter-cluster similarities for combining multiple
clusterings.

The paper is structured as follows. In Section 2, the prob-
lem of combining multiple clusterings is introduced. Sec-
tion 3 includes intra-cluster and inter-cluster similarities.
Section 4 presents our new binary method for computing
intra-cluster and inter-cluster similarities. Experimental Re-
sults section provides comparison of our new method with
the conventional technique for varying size data sets. In the
final section, we present conclusions and future work.

2. Combining Multiple Clusterings

Combining multiple clusterings, which is also known as
the Cluster Ensemble problem, refers to combining multi-
ple clusterings (partitions) into a new, final clustering. This
problem has been studied by many researchers in data min-
ing. Some of the interesting resources on this topic can be
listed as [7], [8], [4], [3], [2], [6], and [1]. When combin-
ing multiple clusterings, it is expected that the final clus-
tering has better overall quality. Combining multiple clus-
terings provide reusing pre-existing knowledge, employing
distributed data mining methods, and producing a final clus-
tering having better overall quality. Some solutions for
combining multiple clusterings are based on genetic algo-
rithms such as [2, 6]. Some other techniques are based
on simulated annealing [3]. A greedy optimization, info-
theoretical method is presented in [7]. And, [1] presents a
method based on ant colony optimization. All these meth-
ods operate on a consensus function.



Let D be a data set. A clustering (partition) ofD, π(D),
can be stated as follows:

π(D) = {C1, C2, . . . , C|π(D)|},

whereCi is a cluster (block) ofπ(D), 1 ≤ i ≤ |π(D)|,
and

D =

|π(D)|
⋃

i=1

Ci

Given a set of clusteringsΠ = {π1, π2, . . . , πm}, the
problem of combining multiple clusterings is defined as
finding a new clusteringπ⋆ = {C⋆

1 , C⋆
2 , . . . , C⋆

|π⋆|} by us-
ing the information provided byΠ. A consensus function
φ,

∀i(φ(π⋆(D)) ≥ φ(πi(D))), 1 ≤ i ≤ |Π| (1)

is used for determining quality of the final clusteringπ⋆.
Exhaustively searching all the possible clusterings for find-
ing the bestclustering is not an option, since there are too
many possible clusterings (see [7]).

Many consensus functions have been proposed in the lit-
erature. In [4], proposed consensus function is based on a
co-association measure (simultaneous occurrences) defined
by

coassoc(i, j) = votesij/m, (2)

wherem is the number of clusterings,votesij is the
number co-occurrences ofoi andoj in a cluster, such that
oi ∈ D andoj ∈ D. In this approach, the co-occurrences
are held in a|D| × |D| co-association matrix. In general,
it is costly to construct, store and populate this matrix for
large data sets, because of itsO(|D|2) complexity. Besides,
searching cluster similarity continuously at the object level
is a computationally expensive task.

In [3] and [2], consensus functions based on median
partition approach have been proposed. This approach
searches differences between the clusterings, by working
on a coarser level. At another direction, in [7], consen-
sus functions based on hypergraphs have been proposed.
In this technique, a hyperedge represents a cluster, and a
hypergraph represents a clustering. We focus on a specific
consensus function and optimize its computation time and
memory footprint. This consensus function is presented in
the next section.

3. Inter and Intra Cluster Similarities

Intra-cluster similarity measures how near the data
objects are in a cluster. For a clustering,π(D) =
{C1, C2, . . . , C|π(D)|}, intra-cluster similarity is measured
as follows:

ICS(π(D)) =

|π(D)|
∑

i=1

1

|Ci|2

∑

d,d′∈Ci

similarity(d, d′) (3)

For the same clustering, inter-cluster similarity is defined
as follows:

ECS(π(D)) =

|π(D)|
∑

i=1

|π(D)|
∑

j=i+1

1

|Ci||Cj |

∑

d∈Ci,d′∈Cj

similarity(d, d′) (4)

Finally, the consensus function is

φ(π(D)) = k1.ICS(π(D)) + k2.ECS(π(D)) (5)

Final clustering is expected to have compact, and close
clusters, therefore for a good clustering Formula 3 should
provide large values. Similarly, separated (isolated) clusters
are expected in a good clustering, therefore Formula 4 shall
supply small values.k1, andk2 parameters in Formula 5 are
user defined values, which satisfyk1 > 0 andk2 < 0.

Inspection of Formula 5 reveals that its time complexity
is quadratic with respect to the number of objects in the data
set,O(|D|2). This complexity is due to pairwise similarity
calculations performed in Formulas 3 and 4. Our aim is to
reduce this complexity, and compute Formula 5 faster using
binary methods.

It is very important to note that in combining multiple
clustering problem,similarity(d, d′) is not computed from
the data setD. similarity(d, d′) in Formulas 3 and 4 refer
to number of co-occurrences of objectd, andd′ in the same
cluster (related to Formula 2). Therefore, it is crucial to
utilize the information provided by the pre-existing multiple
clusterings.

4. Fast Computation of Inter and Intra Cluster
Similarities

We represent each cluster with a bit vector. Existence of
an object in a cluster is shown by 1, similarly absence of
an object is captured by 0. Each cluster representation is as
long as the size of the database,|D|. Three clusterings, each
having four clusters are shown in Figure 1. An example of
a cluster is shown below:C11 cluster hasd1,d3, andd6

objects.

C11

1 0 1 0 0 1 0 0



In order to compute Formulas 3 and 4, each cluster has
to be examined for pairwise objects, and corresponding en-
tries in the co-association matrix has to be updated. For ex-
ampleC11 cluster increments following object pairs in the
co-association matrix:(d1, d1), (d1, d3), (d1, d6), (d3, d3),
(d3, d6), and(d6, d6). Because of the pairwise increment
nature, this computation has quadratic time complexity. We
present our novel method below for reducing the time com-
plexity of this operation.

LetΠ be multiple clusterings, andπ⋆ be a new final clus-
tering for a data setD. In following we define intra-cluster,
and inter-cluster similarities ofπ⋆(D). Intra-cluster simi-
larity of π⋆(D) is shown in Formula 6

ICSΠ(π⋆(D)) =

|π⋆(D)|
∑

k=1

1

|C⋆k|2

|Π|
∑

i=1

|πi|
∑

j=1

(

|C⋆k ∧ Cij |

2

)

(6)
And, Formula 7 shows the inter-cluster similarity of

π⋆(D).

ECSΠ(π⋆(D)) =

|π⋆(D)|
∑

k=1

|π⋆(D)|
∑

l=k+1

1

|C⋆k||C⋆l|

|Π|
∑

i=1

|πi|
∑

j=1

(

|(C⋆k ∨ C⋆l) ∧ Cij |

2

)

−

(

|C⋆k ∧ Cij |

2

)

−

(

|C⋆l ∧ Cij |

2

)

(7)

Finally, consensus function is described as:

φΠ(π⋆(D)) = k1.ICSΠ(π⋆(D)) + k2.ECSΠ(π⋆(D))
(8)

ICSΠ(π⋆(D)) is computed as follows; every cluster of
π⋆(D) is logically ANDed with every cluster inΠ in or-
der to find pairwise co-occurrences of the objects in the
same cluster. Similarly, when computingECSΠ(π⋆(D))
every cluster pair inπ⋆(D) is logically ORed in order to
find all pairs of objects, this result is ANDed with every
cluster inΠ in order to find pairwise co-occurrences of ob-
jects. So far we obtained the pairwise co-occurrences of
objects in the same clusters and in two different clusters.
By subtracting (last 2 components in Formula 7) pairwise
co-occurrences of the objects in the same clusters, we ob-
tain pairwise co-occurrences of objects in different clusters
as shown in the formula. When computed on the same clus-
tering, Π, Formula 6 is equivalent to Formula 3 and For-
mula 7 is equivalent to Formula 4. Although equivalent for-
mulas yield same result, it is very important to note that
Formulas 6 and 7 are computed in cluster level, not in ob-
ject level for each pairwise object. Therefore, Formulas 6
and 7 are very efficient when compared to the Formulas 3
and 4. As a result, time complexity of Formula 8 is reduced

toO(|π⋆(D)||Π|tc+|π⋆(D)|2|Π|tc), where|Π|tc represents
total number of clusters in|Π| (e.g. |Π|tc in Figure 1 is 12)
and|Π|tc << |D|, and|π⋆(D)|2 << |D|. In the next sec-
tion effectiveness of our new technique is demonstrated.

Example 4.1 Let us compute intra-cluster similarity,
ICSΠ(π⋆(D)), of π⋆(D) of Figure 2 using multiple clus-
terings shown in Figure 1 by using the Formula 6

ICSΠ(π⋆(D)) =
1

32

((

2

2

)

+

(

0

2

)

+ . . . +

(

1

2

))

+
1

22

((

1

2

)

+

(

0

2

)

+ . . . +

(

0

2

))

+ . . .

+
1

12

((

0

2

)

+

(

0

2

)

+ . . . +

(

0

2

))

In a similar manner, Formula 7 can be used for comput-
ing ECSΠ(π⋆(D)).

5. Experimental Results

We have conducted experiments on varying size data sets
using a computer having 2.0GHz processor with 2GB main
memory. Our choice of implementation language is Java,
which provides built-in support for bit vectors, and opera-
tions on bit vectors.

In Figure 3 execution time results of a data set having
5,000 objects is shown. Clearly, ourBinary Methodis supe-
rior to the conventional method. We provided the time axis
in logarithmic scale, because our execution time results are
very small when compared to the conventional case. Fig-
ures 4, and 5 present similar results. Overall, in the worst
case our new method is 281.2 times faster and in the best
case our new method is 2,369.05 times faster than the con-
ventional technique.

Figure 6 displays execution time data in detail. And, Fig-
ure 7 shows memory consumption of our method and the
conventional technique. Our binary method uses remark-
ably low memory, which enables working with very large
data sets.

6. Conclusions and Future Work

In this paper, we presented a novel binary method for
computing intra-cluster and inter-cluster similarities.By
representing each cluster using a bit vector, we utilize fast
operations and low memory requirements of binary opera-
tions. Our method is especially useful as a consensus func-
tion when combining multiple clusterings.



d1 d2 d3 d4 d5 d6 d7 d8

π1

C11 1 0 1 0 0 1 0 0
C12 0 0 0 1 1 0 0 0
C13 0 0 0 0 0 0 0 0
C14 0 1 0 0 0 0 1 1

π2

C21 1 1 0 1 0 0 0 0
C22 0 0 0 0 0 0 0 1
C23 0 0 0 0 1 0 1 0
C24 0 0 1 0 0 1 0 0

π3

C31 0 0 0 0 0 0 0 0
C32 0 0 1 0 0 1 0 0
C33 1 1 0 1 0 0 0 1
C34 0 0 0 0 1 0 1 0

Figure 1. Binary representation of multiple clusterings, Π

d1 d2 d3 d4 d5 d6 d7 d8

π⋆

C⋆1 1 0 1 0 0 0 1 0
C⋆2 0 1 0 0 0 1 0 0
C⋆3 0 0 0 1 1 0 0 0
C⋆4 0 0 0 0 0 0 0 1

Figure 2. Binary representation of π⋆

Figure 3. Execution time on 5,000 objects

Test results on multiple data sets and clusterings demon-
strate the effectiveness of our method. Our method is supe-
rior to the conventional technique; it is much faster and it
uses considerably less memory.

By using the consensus function here, we will investi-
gate designing a novel method for combining multiple clus-
terings as a future work. Evolutionary based techniques can

Figure 4. Execution time on 10,000 objects

use our consensus function presented here as a fitness func-
tion. Generalizing our technique for broader use will also
be a future work.



Figure 6. Execution time results

Figure 7. Memory consumption results
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Figure 5. Execution time on 20,000 objects


