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Abstract— Traditional clustering algorithms like K-means,
CLARANS, BIRCH, DBSCAN etc. are not able to handle
higher dimensional data because of the many issues occurred in
high dimensional data e.g. “curse of dimensionality”,
“irrelevant dimensions”, “distance problem” etc. To cluster
higher dimensional data, density and grid based, both
traditional clustering algorithms combined and let to a step
ahead to the traditional clustering i.e. called subspace
clustering. This paper presents an important subspace
clustering algorithm called CLIQUE, which deals with all the
problems ensued in clustering high dimensional data. CLIQUE
find clusters of arbitrary shape in large dimensional data by
taking grid size and a density threshold value as a user input. It
starts process of finding clusters at a single dimension and then
proceeds upward to the higher dimensions. In this paper,
CLIQUE is compared with the other traditional clustering
algorithms to measure its performance in terms of accuracy
and time taken, in high dimensional space.
Index Terms— CLIQUE, Apriori approach, Subspace
Clustering, Alternative Subspace Clustering.

I. INTRODUCTION
CLIQUE (Clustering in QUEst) is a bottom-up subspace
clustering algorithm that constructs static grids. It uses
apriori approach to reduce the search space, described in
section II. CLIQUE is a density and grid based i.e. subspace
clustering algorithm and find out the clusters by taking
density threshold and number of grids as input parameters
[18]. CLIQUE operates on multidimensional data by not
operating all the dimensions at once but by processing a
single dimension at first step and then grows upward to the
higher one. The clustering process in CLIQUE involves first
dividing the number of dimensions into non-overlapping
rectangular units called grids according to the given grid size
and then find out the dense region according to a given
threshold value. A unit is dense if the data points in this are
exceeding the threshold value. Then the clusters are
generated from the all dense subspaces by using the apriori
approach.
Finally CLIQUE algorithm generates minimal description
for the clusters obtained by first determines the maximal
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dense regions in the subspaces and then minimal cover for
each cluster from that maximal region. It repeats the same
procedure until covered all the dimensions [10].
Characteristics of CLIQUE
 CLIQUE allows finding clusters of arbitrary shape.
 CLIQUE is also able to find any number of clusters in
any number of dimensions and the number is not
predetermined by a parameter.
 Clusters may be found in any subspace means in a
single or overlapped subspace.
 The clusters may also overlap each other meaning
that instances can belong to more than one cluster.

II. APRIORI APPROACH
According to apriori approach, if a k dimensional unit is
dense then all its projections in k-1 dimensional space are
also dense means a region that is dense in a particular
subspace must create dense regions when projected onto
lower dimensional subspaces. CLIQUE confines its search
for dense units in high dimensions to the intersection of
dense units in subspaces, because CLIQUE is based on
Apriori property.

III. SUBSPACE CLUSTERING
Subspace clustering is the next step of traditional clustering,
it solve the problems of clustering high dimensional data by
combining density and grid based traditional clustering
methods and seeks to find clusters in different subspaces
within a dataset [8]. It mine clusters in high dimensional data
by dividing the whole dataset into grids that is called
subspaces [14]. The goal of the subspace clustering is to
detect the most relevant subspace projections for any object in
the database. Any cluster is then associated with a set of
relevant dimensions in which this pattern has been
discovered [15]. Subspace clustering automatically
identifying subspaces [3] of a high dimensional data space
that allow better clustering of the data points than the
original space. The subspace is not necessarily (and actually
is usually not) the same for different clusters within one
clustering solution. The key issue in subspace clustering is
the definition of similarity taking into account only certain
subspaces [12]. For a clear understanding of subspace
clustering, let’s have a look on the fig. 1 shown above:
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Fig. 1: 2-D space with Subspace Clusters

This problem statement of alternative subspace clustering is
best explained by the fig 2, shown above.
Fig. 2: Alternative subspace clustering

Fig. 1 contains a two dimensional space where a number of
clusters can be identified in different subspaces. The
clusters ca (in subspace{x}) and cb, cc, cd (in subspace {y})
can be found. Cc can’t be considered a cluster in a
two-dimensional (sub) space, since it is too sparsely
distributed in the x axis. In two dimensions, the two
clusters Cab and Cad can be identified [23].
The term “subspace clustering” in a narrower sense does also
relate to a special category of clustering algorithms in
axis-parallel subspaces. Another family of clustering in
axis-parallel subspaces is called “projected clustering”.
Mostly subspace clustering and projected clustering both
terms were used in parallel for development of further
approaches [17]. Projected clustering algorithms are
restricted to disjoint sets of objects, while subspace clustering
algorithms might report several clusters for the same object
in different subspace projections [16].
There is one other method, which is derived from the
subspace clustering i.e. “Alternative subspace clustering”.

IV. ASCLU: ALTERNATIVE SUBSPACE CLUSTERING
Alternative subspace clustering ASCLU [27] is used to find
out that information which is hidden in subspace clustering if
the user wants something more than the results obtained
from subspace clustering e.g. in economics a customer can
potentially belong to several customer groups. If the user is
not satisfied with the existent knowledge either because it
does not meet his application needs or because he assumes
there must exist more of those clusters in the data, then he
aims for an alternative. So in such type of cases rather than
finding the clusters in whole subspace again, the user prefers
to find some useful clustering information from the already
existing clustering. Then in this case alternative subspace
clustering comes into play.
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The problem statement of alternative subspace clustering i.e.
if given an already known subspace clustering which contain
many subspace clusters, then the aim of alternative subspace
clustering is to determine a meaningful subset of all possible
subspace clusters such that the new subset differs from the
input clustering such that suppose, we have a subspace
cluster C, which contain set of objects O and set of
dimensions S i.e. C = (O, S). The objects O are similar within
the relevant dimensions S while the dimensions S are
irrelevant for the cluster. In alternative subspace clustering,
our task is to identify another subspace cluster C’ within the
database that differs from the given one.

V. RELATED WORK
Most traditional clustering methods like k-means [26],
CLARANS [25], OPTICS [20], BIRCH [21], STING [22],
CURE [24] etc. have very high computational complexities.
They are not suitable for clustering high dimensional
datasets [6]. For high dimensional datasets, neither
partitioned nor hierarchical, full-dimensional clustering
algorithms can find meaningful clusters. This is due to the
effects of high dimensionality because of that one single
object contains a number of dimensions which results in poor
quality of clustering; “distance problem” i.e. distance
between objects becomes indistinguishable when the number
of attributes becomes high, and the average density of
candidate data points for a cluster, anywhere in the large
dimensional data space, is likely to be low, that’s why these
approaches missed out meaningful clusters. Also in high
dimensional data, many of the dimensions are irrelevant.
These irrelevant dimensions confuse clustering algorithms
by hiding clusters in noisy data [19]. For large spatial
databases, there is a need of such kind of clustering algorithm
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which provides solution to the problems occurred in
clustering high dimensional data [11]. This type of clustering
algorithms should be able to discover clusters of complex
shape on large databases. All the well-known traditional
clustering algorithms provide no solution to these
requirements. The solution of these problems is subspace
clustering which is the next step of traditional clustering that
seeks to find clusters in different subspaces within a dataset
[1]. It mine subspace clusters in high dimensional data.

3) Then generate minimal cluster descriptions
For each cluster C do
1st stage:
C = 0
 While C! =
 x = x+1
 choose a dense unit in C
 For i = 1 to L
Unit proceeds in both the directions along the
i-th dimension, trying to cover almost every unit in
C (boxes that are not belong to C should not be
covered).
 End for
 Represent the set I containing all
the units covered by the above
procedure
C=C–I

End while
2nd stage:
 Remove all covers from the units covered
by another cover.

DENCOS (DENsity Conscious Subspace clustering) can
discover the clusters in all subspaces with high quality by
identifying the regions of high density and consider them as
clusters [2], [13]. Subspace clustering has many algorithms
[4]. CLIQUE is the first subspace clustering algorithm. The
CLIQUE algorithm finds the crowed region from the
multidimensional database and discovers the patterns. If the
unit is dense then it proceeds to form a cluster. The outlier
detection of clusters and finalize about the noisy data also an
important thing in high dimensional data sets. To do so,
clusters are analyzed with respect to positive and negative
objects in CLIQUE by intra-cluster similarity of clusters with
respect to the occurrence of positive and negative objects
through RandIndex [5]. The redundant objects are
eliminated from the region by matrix factorization and
partition method [7]. A method for speeding-up the step of
CLIQUE algorithm is described in [9].

VI. PSEUDOCODE OF CLIQUE
CLIQUE has main three steps:
1) Identification of subspace that is dense.
A) Finding of dense units:
 Firstly find the set D1 of all one
dimensional dense units
 K=1
 While DK! = do
 K = K+1
 Find the set DK which is the set of all the
k-dimensional dense units whose all
lower dimensional projections i.e.
(k-1), belong to DK-1
 End while
B) Finding subspaces of high coverage.
2) Identification of clusters.
For each high coverage subspace S do
 Take the set of all dense units i.e. E in S
 while E! =
 m=1
 Select a randomly chosen unit u from E
 Assign to Cm, u and all units of E that are
connected to u
 E = E – Cm
 End while
End for.
ISSN: 2278 – 1323

VII. PROBLEM STATEMENT
Suppose we have data of “employ” relation that has three
attributes namely salary, vacation and age. These attributes
contains following instances or tuples:
Table I: Data of “employ” relation
Age
year)
20

(in

Salary
Rs.)
10,000

(in

Vacation
week)
1

25

20,000

2

30

30,000

3

35

40,000

4

40

50,000

5

45

60,000

6

50

70,000

7

(in

Use the CLIQUE algorithm to cluster this “employ” relation,
which contains the 3 attributes, described above with their
instances.
So the data space for this data would be 3-dimensional with
dimensions - vacation, age, salary. As data is distributed
among these dimensions, the first step is to divide the
dimensions by an equal interval, called grid size. Let’s take
grid size 7 and threshold value 3. Firstly, the CLIQUE
algorithm finds dense region in two dimensions at a time and
then by combining these, finally produce clusters in all three
dimensions as shown in fig. 3(a), 3(b) and 3(c) given above.
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Fig. 3(a): Identification of clusters along (age, salary) plane
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Fig. 3(b): Identification of clusters along (age, vacation) plane
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Fig. 3(c): Final clusters in three dimensional (age, salary, vacation) space

We can also extend the dense region in the vacation-age
plane inwards and the dense regions in the salary-age
plane upwards.
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The 3-dimensional dense units exist in a candidate search
space that is obtained by the intersection of these two
spaces. Then determine the dense region in the
salary-vacation plane and form an extension of the
subspace that represents these dense regions.

IX. EXPERIMENTAL RESULTS
Performance of clique in terms of time taken and accuracy
is calculated and compared with the other traditional
clustering algorithms.

Fig. 5: Execution time comparison between
CLIQUE and other clustering algorithms

VIII. FLOW DIAGRAM
The flow diagram of CLIQUE algorithm is shown in the
fig. 4.
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Fig. 4: Flow diagram of CLIQUE algorithm
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and advance Technology (IJSEAT), vol.1, no.1, pp. 21-24,
June 2013.

X. CONCLUSION
CLIQUE is a subspace clustering algorithm and it is
compared with the other traditional clustering algorithms.
After comparing CLIQUE with K-means, Farthest first
and DBSCAN, it is concluded that CLIQUE is better than
these algorithms in terms of both execution time and
accuracy when forming almost same number of clusters.
It is also concluded that CLIQUE finds clusters of
arbitrary shape and is able to find any number of clusters
in any number of dimensions while the number is not
pre-determined by a parameter.

XI. FUTURE WORK
In future, performance of CLIQUE can be done much
better by using adaptive grids instead of fix grid size. Also,
instead of using a user defined threshold value, threshold
of each grid can be computed automatically by making
histograms of each grid.
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