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Abstract

Several application domains such as molecular biology and

geography produce a tremendous amount of data which can

no longer be managed without the help of efficient and ef-

fective data mining methods. One of the primary data min-

ing tasks is clustering. However, traditional clustering algo-

rithms often fail to detect meaningful clusters because most

real-world data sets are characterized by a high dimensional,

inherently sparse data space. Nevertheless, the data sets

often contain interesting clusters which are hidden in vari-

ous subspaces of the original feature space. Therefore, the

concept of subspace clustering has recently been addressed,

which aims at automatically identifying subspaces of the fea-

ture space in which clusters exist. In this paper, we introduce

SUBCLU (density-connected Subspace Clustering), an effec-

tive and efficient approach to the subspace clustering prob-

lem. Using the concept of density-connectivity underlying

the algorithm DBSCAN [EKSX96], SUBCLU is based on a

formal clustering notion. In contrast to existing grid-based

approaches, SUBCLU is able to detect arbitrarily shaped

and positioned clusters in subspaces. The monotonicity of

density-connectivity is used to efficiently prune subspaces in

the process of generating all clusters in a bottom up way.

While not examining any unnecessary subspaces, SUBCLU

delivers for each subspace the same clusters DBSCAN would

have found, when applied to this subspace separately.
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1 Introduction

Modern methods in several application domains such as
molecular biology, astronomy, geography, etc. produce
a tremendous amount of data. Since all this data can
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no longer be managed without the help of automated
analysis tools, there is an ever increasing need for
efficient and effective data mining methods to make use
of the information contained implicitly in that data.
One of the primary data mining tasks is clustering which
is intended to help a user discovering and understanding
the natural structure or grouping in a data set. In
particular, clustering is the task of partitioning objects
of a data set into distinct groups (clusters) such that
two objects from one cluster are similar to each other,
whereas two objects from distinct clusters are not.

A lot of work has been done in the area of clustering.
Nevertheless, clustering real-world data sets is often
hampered by the so called curse of dimensionality
since many real-world data sets consist of a very high
dimensional feature space. In general, most of the
common algorithms fail to generate meaningful results
because of the inherent sparsity of the objects. In such
high dimensional feature spaces, data does not cluster
anymore. But usually, there are clusters embedded in
lower dimensional subspaces. In addition, objects can
often be clustered differently in varying subspaces.

Gene expression data is a prominent example: Mi-
croarray chip technologies enable a user to measure the
expression level of thousands of genes simultaneously.
Roughly speaking, the expression level of a gene is a
measurement for the frequency the gene is expressed
(i.e. transcribed into its mRNA product). The expres-
sion level of a gene allows conclusions about the current
amount of the protein in a cell the gene codes for. Usu-
ally, gene expression data appears as a matrix where the
rows represent genes, and the columns represent sam-
ples (e.g. different experiments, time slots, test persons,
etc.). The value of the i-th feature of a particular gene
is the expression level of this gene in the i-th sample.

It is interesting from a biological point of view
to cluster both the rows (genes) and the columns
(samples) of the matrix, depending on the research
scope. Clustering the genes is the method of choice if
one searches for co-expressed genes, i.e. genes, whose
expression levels are similar. Co-expression usually











SUBCLU(SetOfObjectsDB, Real ", Integer m)
/* STEP 1 Generate all 1-D clusters */
S1 := ; // set of 1-D subspaces containing clusters
C1 := ; // set of all sets of clusters in 1-D subspaces
FOR eachai 2 A DO

C{ai} := DBSCAN (DB; fa i g; "; m ) // set of all clusters in subspaceai ;
IF C{ai} 6=; THEN // at least one cluster in subspacefa i g found

S1 := S1 [ fa i g;
C1 := C1 [ C {ai};

END IF
END FOR
/* STEP 2 Generate (k + 1)-D clusters from k-D clusters */
k := 1;
WHILE Ck 6=;

/* STEP 2.1 Generate (k + 1)-dimensional candidate subspaces */
CandSk +1 := GenerateCandidateSubspaces(Sk );
/* STEP 2.2 Test candidates and generate (k + 1)-dimensional clusters */
FOR EACH cand 2 CandSk +1 DO

// Search k-dim subspace ofcand with minimal number of objects in the clusters
bestSubspace:= min

s∈Sk∧s⊆cand

∑
C i∈Cs

jC i j

Ccand := ;;
FOR EACH clustercl 2 CbestSubspace DO

Ccand = Ccand [ DBSCAN (cl; cand; "; m );
IF Ccand 6=; THEN

Sk +1 := Sk +1 [ cand;
Ck +1 := Ck +1 [ C cand ;

END IF
END FOR

END FOR
k := k + 1

END WHILE

Figure 4: The SUBCLU algorithm.

We begin with generating all 1-dimensional clusters
by applying DBSCAN to each 1-dimensional subspace
(STEP 1 in Figure 4).

For each detected cluster we have to check, whether
this cluster is (or parts of it are) still existent in
higher dimensional subspaces. Due to Lemma 3.1 no
other clusters can exist in higher dimensional subspaces.
Thus, for each k-dimensional subspace S ∈ Sk , we
search all other k-dimensional subspaces T ∈ Sk (T 6=
S) having (k − 1) attributes in common and join them
to generate (k + 1)-dimensional candidate subspaces
(STEP 2.1.1 of the procedure GenerateCandidatesin
Figure 5). The set of (k + 1)-dimensional candidate
subspaces is denoted by CandSk+1 .

Due to Lemma 3.1, for each candidate subspace
S ∈ CandSk+1 , Sk must contain each k-dimensional
subspace T ⊂ S (|T | = k), we can prune these candi-
dates having at least one k-dimensional subspace not
included in Sk (STEP 2.1.2 of procedure GenerateCan-
didatesin Figure 5). This reduces the number of (k+1)-
dimensional candidate subspaces.

In the last step (STEP 2.2 in Figure 4) we generate
the (k + 1)-dimensional clusters and the corresponding
(k + 1)-dimensional subspaces containing these clusters
using the k-dimensional subclusters and the list of
(k + 1)-dimensional candidate subspaces. For that
purpose, we simply have to do the following: for each
candidate subspace cand ∈ CandSk+1 we take one k-
dimensional subspace T ⊂ cand and simply call the
procedure DBSCAN(cl, cand, ε,m) for each cluster cl
in T (cl ∈ CT ) to generate Ccand . To minimize the
cost of the runs of DBSCAN in cand, we choose that
subspace bestSubspace ⊂ cand from Sk in which a
minimum number of objects are in the cluster, i.e.

bestSubspace := min
s2S k^s�cand

∑
Ci2C s

|Ci |

These heuristics minimize the number of range queries
necessary during the runs of DBSCAN in S. If CS 6= ∅,
we add it to Ck+1 and add S to Sk+1 .

Steps 2.1 to 2.3 are recursively executed as long as
the set of k-dimensional subspaces containing clusters
is not empty.




