











objects can be easily identified by following the
cover and direct child links.

3.5.2 Non-symmetric Matrix Most of the clusters
in object-attribute datasets are non-symmetric, that is,
they are rectangular shaped submatrices of the data
space. So cores do not exist but the square dense regions
still exist. A size constraint on both the object space
and the attribute space will turn in a much smaller set
of dense regions that may act as the cores, which we
call g-cores. After the g-cores are identified, similar
strategies can be used to find a-dense regions between
the g-cores. Connections between the g-cores can also
be categorized into similar three types but the search
needs to be performed within both halves of the lattice.

4 Algorithm Evaluation

We have designed a synthetic data generator which
is an updated version of the one presented in [7] by
allowing one object to be in multiple clusters. Our
first test used the number of objects as the control
variable. Each attribute has a real value in [0, 100]
interval and is transformed into a binary equivalent
by using a range function (the F function in phase-
0) into ten equal length intervals. For a data set with
20 dimensions and five non-overlapping dense regions of
five dimensions each, the running time increases linearly
with the number of objects. Addition of 10% objects as
random noise still discovers all the dense regions with
the same time complexity. The same test was repeated
with overlapping dense regions. Subspaces overlapped
in both, the objects and the attributes. There were
four dense regions with two overlapping pairs, each pair
sharing two attributes and 40% objects. The running
time is larger than that for the non-overlapping dense
regions but still increases only linearly.

We tested the scalability of the algorithm as the
number of attributes is increased from 20 to 100. All
the datasets had 10,000 objects and two overlapping
dense regions in 5-dimensional subspaces. The results
show that the algorithm time grows quadratically with
the number of attributes. We also tested the effect of
size constraint on the running time of the algorithm. As
intuitively expected, the smaller the size constraint, the
karger is the number of clusters found and more time is
taken by the algorithm.

5 Conclusions

We have presented a new subspace clustering algorithm
that can find possibly overlapping subspace clusters
in the data. A lattice is built from all the dense
regions found, from which other clusters of interesting
properties can be constructed and paths among clusters

can be identified. Our algorithm provides a very good
interpretation of the relationships among overlapping
subspace clusters. It is the first attempt that defines
subspace clusters as combinations of cores in a lattice
according to some partial ordering. This provides
tremendous amount of control and information about
the structural properties of the subspaces that may be
constructed with the lattice of subspace cores. Many
extensions of this research are possible. Algorithms
to find dense regions that satisfy both the object set
size constraint and attribute set size constraint can be
designed, which may help in making the algorithm in
phase-1 more efficient.
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