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Abstract

Clustering techniques often define the similarity between in-
stances using distance measures over the various dimensions
of the data [12, 14]. Subspace clustering is an extension
of traditional clustering that seeks to find clusters in differ-
ent subspaces within a dataset. Traditional clustering al-
gorithms consider all of the dimensions of an input dataset
in an attempt to learn as much as possible about each in-
stance described. In high dimensional data, however, many
of the dimensions are often irrelevant. These irrelevant di-
mensions confuse clustering algorithms by hiding clusters in
noisy data. In very high dimensions it is common for all
of the instances in a dataset to be nearly equidistant from
each other, completely masking the clusters. Subspace clus-
tering algorithms localize the search for relevant dimensions
allowing them to find clusters that exist in multiple, possi-
bly overlapping subspaces. This paper presents a survey of
the various subspace clustering algorithms. We then com-
pare the two main approaches to subspace clustering using
empirical scalability and accuracy tests.

1 Introduction and Background

Cluster analysis seeks to discover groups, or clusters,
of similar objects. The objects are usually represented
as a vector of measurements, or a point in multidimen-
sional space. The similarity between objects is often
determined using distance measures over the various di-
mensions of the data [12, 14]. Subspace clustering is
an extension of traditional clustering that seeks to find
clusters in different subspaces within a dataset. Tra-
ditional clustering algorithms consider all of the dimen-
sions of an input dataset in an attempt to learn as much
as possible about each object described. In high dimen-
sional data, however, many of the dimensions are often
irrelevant. These irrelevant dimensions confuse cluster-
ing algorithms by hiding clusters in noisy data. In very
high dimensions it is common for all of the objects in a
dataset to be nearly equidistant from each other, com-
pletely masking the clusters. Feature selection methods
have been used somewhat successfully to improve clus-
ter quality. These algorithms find a subset of dimensions
on which to perform clustering by removing irrelevant
and redundant dimensions. The problem with feature
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selection arises when the clusters in the dataset exist
in multiple, possibly overlapping subspaces. Subspace
clustering algorithms attempt to find such clusters.

Different approaches to clustering often define clus-
ters in different ways. One type of clustering creates
discrete partitions of the dataset, putting each instance
into one group. Some, like k-means, put every instance
into one of the clusters. Others allow for outliers, which
are defined as points that do not belong to any of the
clusters. Another approach to clustering creates over-
lapping clusters, allowing an instance to belong to more
than one group. Usually these methods also allow an
instance to be an outlier, belonging to no particular
cluster. No one type of clustering is better than the oth-
ers, but some are more appropriate to certain problems.
Domain specific knowledge about the data is often very
helpful in determining which type of cluster formation
will be the most useful.

There are a number of excellent surveys of cluster-
ing techniques available. The classic book by Jain and
Dubes [13] offers an aging, but comprehensive look at
clustering. Zait and Messatfa offer a comparative study
of clustering methods [25]. Jain et al. published another
survey in 1999 [12]. More recent data mining texts in-
clude a chapter on clustering [9, 11, 14, 22]. Kolatch
presents an updated hierarchy of clustering algorithms
in [15]. One of the more recent and comprehensive sur-
veys was published as a technical report by Berhkin and
includes a small section on subspace clustering [4]. Gan
presented a small survey of subspace clustering methods
at the Southern Ontario Statistical Graduate Students
Seminar Days [8]. However, there is very little available
that deals with the subject of subspace clustering in a
comparative and comprehensive manner.

2 Subspace Clustering Motivation

We can use a simple dataset to illustrate the need
for subspace clustering. We created a sample dataset
with four hundred instances in three dimensions. The
dataset is divided into four clusters of 100 instances,
each existing in only two of the three dimensions.
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Figure 1: Sample dataset with four clusters, each in two
dimensions with the third dimension being noise. Points
from two clusters can be very close together, confusing
many traditional clustering algorithms.

The first two clusters exist in dimensions a and b.
The data forms a normal distribution with means 0.5
and -0.5 in dimension a and 0.5 in dimension b, and
standard deviations of 0.2. In dimension c, these
clusters have µ = 0 and σ = 1. The second two
clusters are in dimensions b and c and were generated
in the same manner. The data can be seen in Figure
1. When k -means is used to cluster this sample data,
it does a poor job of finding the clusters because each
cluster is spread out over some irrelevant dimension.
In higher dimensional datasets this problem becomes
even worse and the clusters become impossible to find.
This suggests that we reduce the dimensionality of the
dataset by removing the irrelevant dimensions.

Feature transformation techniques such as Principle
Component Analysis do not help in this instance. Since
relative distances are preserved and the effects of the
irrelevant dimension remain. Instead, we might try
using a feature selection algorithm to remove one or
two dimensions. Figure 2 shows the data projected
in a single dimension (organized by index on the x-
axis for ease of interpretation). If we only remove one
dimension, we produce the graphs in Figure 3. We
can see that none of these projections of the data are
sufficient to fully separate the four clusters.

However, it is worth noting that the first two
clusters are easily separated from each other and from
the rest of the data when projected into dimensions a
and b (Figure 3(a)). This is because those clusters were
created in dimensions a and b and removing dimension
c removes the noise from those two clusters. The
other two clusters completely overlap in this view since
they were created in dimensions b and c and removing
c made them indistinguishable from one another. It
follows then, that those two clusters are most visible
in dimensions b and c (Figure 3(b)). Thus, the key to

finding each of the clusters in this dataset is to look
in the appropriate subspaces. Subspace clustering is
an extension of feature selection that attempts to find
clusters in different subspaces of the same dataset. Just
as with feature selection, subspace clustering requires
a search method and an evaluation criteria. There are
two main approaches to subspace clustering based the
search method employed by the algorithm. The next
two sections discuss these approaches and present a
summary of the various subspace clustering algorithms.

3 Bottom-Up Subspace Search Methods

The bottom-up search method take advantage of the
downward closure property of density to reduce the
search space, using an APRIORI style approach. Algo-
rithms first create a histogram for each dimension and
selecting those bins with densities above a given thresh-
old. The downward closure property of density means
that if there are dense units in k dimensions, there are
dense units in all (k−1) dimensional projections. Candi-
date subspaces in two dimensions can then be formed us-
ing only those dimensions which contained dense units,
dramatically reducing the search space. The algorithm
proceeds until there are no more dense units found. Ad-
jacent dense units are then combined to form clusters.
This is not always easy, and one cluster may be mis-
takenly reported as two smaller clusters. The nature of
the bottom-up approach leads to overlapping clusters,
where one instance can be in zero or more clusters. Ob-
taining meaningful results is dependent on the proper
tuning of the grid size and the density threshold parame-
ters. These can be particularly difficult to set, especially
since they are used across all of the dimensions in the
dataset. A popular adaptation of this strategy provides
data driven, adaptive grid generation to stabilize the
results across a range of density thresholds.

3.1 CLIQUE The CLIQUE algorithm [3] was one
of the first subspace clustering algorithms. The algo-
rithm combines density and grid based clustering and
uses an APRIORI style search technique to find dense
subspaces. Once the dense subspaces are found they
are sorted by coverage, defined as the fraction of the
dataset the dense units in the subspace represent. The
subspaces with the greatest coverage are kept and the
rest are pruned. The algorithm then finds adjacent
dense grid units in each of the selected subspaces us-
ing a depth first search. Clusters are formed by com-
bining these units using using a greedy growth scheme.
The algorithm starts with an arbitrary dense unit and
greedily grows a maximal region in each dimension until
the union of all the regions covers the entire cluster. Re-
dundant regions are removed by a repeated procedure
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Figure 2: Sample data plotted in one dimension, with histogram. While some clustering can be seen, points from
multiple clusters are grouped together in each of the three dimensions.
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Figure 3: Sample data plotted in each set of two dimensions. In both (a) and (b) we can see that two clusters
are properly separated, but the remaining two are mixed together. In (c) the four clusters are more visible, but
still overlap each other are are impossible to completely separate.

where smallest redundant regions are discarded until no
further maximal region can be removed. The hyper-
rectangular clusters are then defined by a Disjunctive
Normal Form (DNF) expression.

The region growing, density based approach to gen-
erating clusters allows CLIQUE to find clusters of arbi-
trary shape, in any number of dimensions. Clusters may
be found in the same, overlapping, or disjoint subspaces.
The DNF expressions used to represent clusters are of-
ten very interpretable and can describe overlapping clus-
ters, meaning that instances can belong to more than
one cluster. This is often advantageous in subspace clus-
tering since the clusters often exist in different subspaces
and thus represent different relationships.

3.2 ENCLUS The ENCLUS [6] subspace clustering
method is based heavily on the CLIQUE algorithm.
However, ENCLUS does not measure density or cov-
erage directly, but instead measures entropy. The al-
gorithm is based on the observation that a subspace
with clusters typically has lower entropy than a sub-
space without clusters. Clusterability of a subspace
is defined using three criteria: coverage, density, and

correlation. Entropy can be used to measure all three
of these criteria. Entropy decreases as cell density in-
creases. Under certain conditions, entropy will also de-
crease as the coverage increases. Interest is a measure
of correlation and is defined as the difference between
the sum of entropy measurements for a set of dimen-
sions and the entropy of the multi-dimension distribu-
tion. Larger values indicate higher correlation between
dimensions and an interest value of zero indicates inde-
pendent dimensions. ENCLUS uses the same APRIORI
style, bottom-up approach as CLIQUE to mine signif-
icant subspaces. The search is accomplished using the
downward closure property of entropy (below a thresh-
old ω) and the upward closure property of interest (i.e.
correlation) to find minimally correlated subspaces. If
a subspace is highly correlated (above threshold ε), all
of it’s superspaces must not be minimally correlated.
Since non-minimally correlated subspaces might be of
interest, ENCLUS searches for interesting subspaces by
calculating interest gain and finding subspaces whose
entropy exceeds ω and interest gain exceeds ε′. Once
interesting subspaces are found, clusters can be iden-
tified using the same methodology as CLIQUE or any



other existing clustering algorithm.

3.3 MAFIA The MAFIA [10, 17, 18] algorithm ex-
tends CLIQUE by using an adaptive grid based on the
distribution of data to improve efficiency and cluster
quality. MAFIA also introduces parallelism to improve
scalability. MAFIA initially creates a histogram to de-
termine the minimum number of bins for a dimension.
The algorithm then combines adjacent cells of similar
density to form larger cells. In this manner, the di-
mension is partitioned based on the data distribution
and the resulting boundaries of the cells capture the
cluster perimeter more accurately than fixed sized grid
cells. Once the bins have been defined, MAFIA proceeds
much like CLIQUE, using an APRIORI style algorithm
to generate the list of clusterable subspaces by building
up from one dimension. MAFIA also attempts to allow
for parallelization of the the clustering process.

3.4 Cell-based Clustering CBF [5] attempts to ad-
dress scalability issues associated with many bottom-
up algorithms. One problem for other bottom-up algo-
rithms is that the number of bins created increases dra-
matically as the number of dimensions increases. CBF
uses a cell creation algorithm that creates optimal parti-
tions by repeatedly examining minimum and maximum
values on a given dimension which results in the gen-
eration of fewer bins (cells). CBF also addresses scal-
ability with respect to the number of instances in the
dataset. In particular, other approaches often perform
poorly when the dataset is too large to fit in main mem-
ory. CBF stores the bins in an efficient filtering-based
index structure which results in improved retrieval per-
formance.

3.5 CLTree The CLuster Tree algorithm [16] follows
the bottom-up strategy, evaluating each dimension sep-
arately and then using only those dimensions with ar-
eas of high density in further steps. It uses a modified
decision tree algorithm to adaptively partition each di-
mension into bins, separating areas of high density from
areas of low density. The decision tree splits correspond
to the boundaries of bins. Hypothetical, uniformly dis-
tributed noise is “added” to the dataset and the algo-
rithm attempts to find splits to create nodes of pure
noise or pure data. The noise does not actually have to
be added to the dataset, but instead the density can be
estimated for any given bin under investigation.

3.6 Density-based Optimal projective Cluster-

ing DOC [20] is a Monte Carlo algorithm that blends
the grid based approach used by the bottom-up ap-
proaches and the iterative improvement method from

the top-down approaches. A projective cluster is defined
as a pair (C,D) where C is a subset of the instances and
D is a subset of the dimensions of the dataset. The goal
is to find a pair where C exhibits a strong clustering ten-
dency in D. To find these optimal pairs, the algorithm
creates a small subset X, called the discriminating set,
by random sampling. This set can is used to differen-
tiate between relevant and irrelevant dimensions for a
cluster. For a given a cluster pair (C,D), instances p in
C, and instances q in X the following should hold true:
for each dimension i in D, |q(i)− p(i)| <= w, where w
is the fixed side length of a subspace cluster, given by
the user. p and X are both obtained through random
sampling and the algorithm is repeated with the best
result being reported.

4 Top-Down Subspace Search Methods

The top-down subspace clustering approach starts by
finding an initial approximation of the clusters in the full
feature space with equally weighted dimensions. Next
each dimension is assigend a weight for each cluster.
The updated weights are then used in the next iteration
to regenerate the clusters. This approach requires
multiple iterations of expensive clustering algorithms in
the full set of dimensions. Many of the implementations
of this strategy use a sampling technique to improve
performance. Top-down algorithms create clusters that
are partitions of the dataset, meaning each instance is
assigned to only one cluster. Many algorithms also allow
for an additional group of outliers. Parameter tuning
is necessary in order to get meaningful results. Often
the most critical parameters for top-down algorithms is
the number of clusters and the size of the subspaces,
which are often very difficult to determine ahead of
time. Also, since subspace size is a parameter, top-down
algorithms tend to find clusters in the same or similarly
sized subspaces. For techniques that use sampling, the
size of the sample is another critical parameter and can
play a large role in the quality of the final results.

4.1 PROCLUS PROjected CLUStering [1] was the
first top-down subspace clustering algorithm. Similar
to CLARANS [19], PROCLUS samples the data, then
selects a set of k medoids and iteratively improves the
clustering. The algorithm uses a three phase approach
consisting of initialization, iteration, and cluster refine-
ment. Initialization selects a set of potential medoids
that are far apart using a greedy algorithm. The itera-
tion phase selects a random set of k medoids from this
reduced dataset, replaces bad medoids with randomly
chosen new medoids, and determines if clustering has
improved. Cluster quality is based on the average dis-
tance between instances and the nearest medoid. For



each medoid, a set of dimensions is chosen whose aver-
age distances are small compared to statistical expec-
tation. Once the subspaces have been selected for each
medoid, average Manhattan segmental distance is used
to assign points to medoids, forming clusters. The re-
finement phase computes a new list of relevant dimen-
sions for each medoid based on the clusters formed and
reassigns points to medoids, removing outliers.

The distance based approach of PROCLUS is bi-
ased toward clusters that are hyper-spherical in shape.
Also, while clusters may be found in different sub-
spaces, the subspaces must be of similar sizes since the
the user must input the average number of dimensions
for the clusters. Clusters are represented as sets of
instances with associated medoids and subspaces and
form non-overlapping partitions of the dataset with pos-
sible outliers. PROCLUS is actually somewhat faster
than CLIQUE due to the sampling of large datasets.
However, using a small number of representative points
can cause PROCLUS to miss some clusters entirely.

4.2 ORCLUS Arbitrarily ORiented projected
CLUSter generation [2] is an extended version of
the algorithm PROCLUS [1] that looks for non-axes
parallel subspaces. This algorithm arose from the
observation that many datasets contain inter-attribute
correlations. The algorithm can be divided into
three steps: assign clusters, subspace determination,
and merge. During the assign phase, the algorithm
iteratively assigns data points to the nearest cluster
centers. The distance between two points is defined in
a subspace E, where E is a set of orthonormal vectors
in some d-dimensional space. Subspace determination
redefines the subspace E associated with each cluster
by calculating the covariance matrix for a cluster and
selecting the orthonormal eigenvectors with the least
spread (smallest eigenvalues). Clusters that are near
each other and have similar directions of least spread
are merged during the merge phase. The number of
clusters and the size of the subspace dimensionality
must be specified. The authors provide a general
scheme for selecting a suitable value. A statistical mea-
sure called the cluster sparsity coefficient, is provided
which can be inspected after clustering to evaluate the
choice of subspace dimensionality.

4.3 FINDIT Fast and INtelligent subspace cluster-
ing algorithm using DImension VoTing (FINDIT) [23]
uses a unique distance measure called the Dimension
Oriented Distance (DOD). DOD tallies the number of
dimensions on which two instances are within a thresh-
old distance, ε, of each other. The concept is based
on the assumption that in higher dimensions it is more

meaningful for two instances to be close in several di-
mensions rather than in a few [23]. The algorithm typ-
ically consists of three phases, namely sampling phase,
cluster forming phase, and data assignment phase. The
algorithms starts by selecting two small sets generated
through random sampling of the data. The sets are
used to determine initial representative medoids of the
clusters. In the cluster forming phase the correlated di-
mensions are found using the DOD measure for each
medoid. FINDIT then increments the value of ε and re-
peats this step until the cluster quality stabilizes. In the
final phase all of the instances are assigned to medoids
based on the subspaces found. FINDIT employs sam-
pling techniques like the other top-down algorithms.
Sampling helps to improve performance, especially with
very large datasets. The results of empirical experi-
ments using FINDIT and MAFIA are shown in §5.

4.4 δ-Clusters The δ-Clusters algorithm [24] uses a
distance measure that attempts to capture the coher-
ence exhibited by subset of instances on subset of at-
tributes. Coherent instances may not be close, but in-
stead both follow a similar trend, offset from each other.
One coherent instance can be derived from another by
shifting by an offset. PearsonR correlation [21] is used
to measure coherence among instances. The algorithm
starts with initial seeds and iteratively improves the
overall quality of the clustering by randomly swapping
attributes and data points to improve individual clus-
ters. Residue measures the decrease in coherence that
a particular entry (attribute or instance) brings to the
cluster. The iterative process terminates when individ-
ual improvement levels off in each cluster.

4.5 COSA Clustering On Subsets of Attributes
(COSA) [7] assigns weights to each dimension for
each instance, not each cluster. Starting with equally
weighted dimensions, the algorithm examines the k

nearest neighbors of each instance. These neighbor-
hoods are used to calculate the respective dimension
weights for each instance. Higher weights are assigned
to those dimensions that have a smaller dispersion
within the KNN group. These weights are used to cal-
culate dimension weights for pairs of instances which are
used to update the distances used in the KNN calcula-
tion. The process is repeated using the new distances
until the weights stabilize. The neighborhoods for each
instance become increasingly enriched with instances
belonging to its own cluster. The dimension weights are
refined as the dimensions relevant to a cluster receive
larger weights. The output is a distance matrix based
on weighted inverse exponential distance and is suitable
as input to any distance-based clustering method. Af-
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Figure 4: Running time vs. instances

ter clustering, the weights for each dimension of cluster
members are compared and an overall importance value
for each dimension is calculated for each cluster.

5 Empirical Evaluation

In this section we measure the performance of represen-
tative top-down and bottom-up algorithms. We chose
MAFIA [10], an advanced version of the bottom-up sub-
space clustering method, and FINDIT [23], an adapta-
tion of the top-down strategy. In datasets with very high
dimensionality, we expect the bottom-up approaches to
perform well as they only have to search in the lower di-
mensionality of the hidden clusters. However, the sam-
pling schemes of top-down approaches should scale well
to large datasets. To measure the scalability of the al-
gorithms, we measure the running time of both algo-
rithms and vary the number of instance or the number
of dimensions. We also examine how well each of the
algorithms were able to determine the correct subspaces
for each cluster. The implementation of each algorithm
was provided by the respective authors.

5.1 Data To facilitate the comparison of the two al-
gorithms we chose to use synthetic datasets that allow
us to control the characteristics of the data. Synthetic
data also allows us to easily measure the accuracy of the
clustering by comparing the output of the algorithms to
the known input clusters. The datasets were generated
using specialized dataset generators that provided con-
trol over the number of instances, the dimensionality
of the data, and the dimensions for each of the input
clusters. They also output the data in the formats re-
quired by the algorithm implementations and provided
the necessary meta-information to measure cluster ac-
curacy. The data values lie in the range of 0 to 100.
Clusters were generated by restricting the value of rel-

evant dimensions for each instance in a cluster. Values
for irrelevant dimensions were chosen randomly to form
a uniform distribution over the entire data range.

5.2 Scalability We measured the scalability of the
two algorithms in terms of the number of instances
and the number of dimensions in the dataset. In the
first set of tests, we fixed the number of dimensions
at twenty. On average the datasets contained five
hidden clusters, each in a different five dimensional
subspace. The number of instances was increased first
from from 100,000 to 500,000 and then from 1 million
to 5 million. Both algorithms scaled linearly with the
number of instances, as shown by Figure 4. MAFIA
clearly out performs FINDIT through most of the cases.
The superior performance of MAFIA can be attributed
to the bottom-up approach which does not require as
many passes through the dataset. Also, when the
clusters are embedded in few dimensions, the bottom-up
algorithms have the advantage that they only consider
the small set of relevant dimensions during most of
their search. If the clusters exist in high numbers
of dimensions, then performance will degrade as the
number of candidate subspaces grows exponentially
with the number of dimensions in the subspace [1].

In Figure 4(b) we can see that FINDIT actually
outperforms MAFIA when the number of instances
approaches four million. This could be attributed to the
use of random sampling, which eventually gives FINDIT
a performance edge in huge datasets. MAFIA on the
other hand, must scan the entire dataset each time it
makes a pass to find dense units on a given number of
dimensions. We can see in §5.3 that sampling can cause
FINDIT to miss clusters or dimensions entirely.

In the second set of tests we fixed the number of
instances at 100,000 and increased the number of di-
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mensions of the dataset. Figure 5 is a plot of the run-
ning times as the number of dimensions in the dataset
is increased from 10 to 100. The datasets contained, on
average, five clusters each in five dimensions. Here, the
bottom-up approach is clearly superior as can be seen
in Figure 5. The running time for MAFIA increased
linearly with the number of dimensions in the dataset.
The running time for the top-down method, FINDIT,
increases rapidly as the the number of dimensions in-
crease. Sampling does not help FINDIT in this case.
As the number of dimensions increase, FINDIT must
weight each dimension for each cluster in order to se-
lect the most relevant ones. The bottom-up algorithms
like MAFIA, however, are not adversely affected by the
additional, irrelevant dimensions. This is because those
algorithms project the data into small subspaces first
adding only the interesting dimensions to the search.

5.3 Subspace Detection and Cluster Accuracy

In addition to comparing scalability, we also compared
how accurately each algorithm was able to determine
the clusters and corresponding subspaces in the dataset.
The results are presented in the form of a confusion
matrix that lists the relevant dimensions of the input
clusters as well as those output by the algorithm. Table
1 and Table 2 show the best case input and output
clusters for MAFIA and FINDIT on a dataset of 100,000
instances in 20 dimensions. The bottom-up algorithm,
MAFIA, discovered all of the clusters but left out one
significant dimension in four out of the five clusters.
Missing one dimension in a cluster can be caused by the
premature pruning of a dimension based on a coverage
threshold, which can be difficult to determine. This
could also occur because the density threshold may not
be appropriate across all the dimensions in the dataset.
The results were very similar in tests where the number
of instances was increased up to 4 million. The only

difference was that some clusters were reported as two
separate clusters, instead of properly merged. This
fracturing of clusters in an artifact of the grid-based
approach used by many bottom-up algorithms that
requires them to merge dense units to form the output
clusters. The top-down approach used by FINDIT was
better able to identify the significant dimensions for
clusters it uncovered. As the number of instances was
increased, FINDIT occasionally missed an entire cluster.
As the dataset grew, the clusters were more difficult to
find among the noise and the sampling employed by
many top-down algorithms cause them to miss clusters.

Tables 3 and 4 show the results from MAFIA and
FINDIT when the number of dimensions in the dataset
is increased to 100. MAFIA was able to detect all of the
clusters. Again, it was missing one dimension for four
of the five clusters. Also higher dimensionality caused
the same problem that we noticed with higher numbers
of instances, MAFIA mistakenly split one cluster into
multiple separate clusters. FINDIT did not fare so well
and we can see that FINDIT missed an entire cluster
and was unable to find all of the relevant dimensions for
the clusters it did find. The top-down approach means
that FINDIT must evaluate all of the dimensions, and as
a greater percentage of them are irrelevant, the relevant
ones are more difficult to uncover. Sampling can add
to this problem, as some clusters may only be weakly
represented.

6 Conclusions

High dimensional data is becoming increasingly com-
mon in many fields. As the number of dimensions in-
crease, many clustering techniques begin to suffer from
the curse of dimensionality, degrading the quality of the
results. In high dimensions, data becomes very sparse
and distance measures become increasingly meaningless.
This problem has been studied extensively and there are
various solutions, each appropriate for different types of
high dimensional data and data mining procedures.

Subspace clustering attempts to integrate feature
evaluation and clustering in order to find clusters in
different subspaces. Top-down algorithms simulate this
integration by using multiple iterations of evaluation,
selection, and clustering. This relatively slow approach
combined with the fact that many are forced to use
sampling techniques makes top-down algorithms more
suitable for datasets with large clusters in relatively
large subspaces. The clusters uncovered by top-down
methods are often hyper-spherical in nature due to the
use of cluster centers to represent groups of similar
instances. The clusters form non-overlapping partitions
of the dataset. Some algorithms allow for an additional
group of outliers that contains instances not related



Cluster 1 2 3 4 5

Input (4, 6, 12, 14, 17) (1, 8, 9, 15, 18) (1, 7, 9, 18, 20) (1, 12, 15, 18, 19) (5, 14, 16, 18, 19)

Output (4, 6, 14, 17) (1, 8, 9, 15, 18) (7, 9, 18, 20) (12, 15, 18, 19) (5, 14, 18, 19)

Table 1: MAFIA misses one dimension in 4 out 5 clusters with N = 100, 000 and D = 20.

Cluster 1 2 3 4 5

Input (11, 16) (9, 14, 16) (8, 9, 16, 17) (0, 7, 8, 10, 14, 16) (8, 16)

Output (11, 16) (9, 14, 16) (8, 9, 16, 17) (0, 7, 8, 10, 14, 16) (8, 16)

Table 2: FINDIT uncovers all of the clusters in the appropriate dimensions with N = 100, 000 and D = 20.

to any cluster or each other (other than the fact they
are all outliers). Also, many require that the number
of clusters and the size of the subspaces be input as
parameters. The user must use their domain knowledge
to help select and tune these settings.

Bottom-up algorithms perform the clustering and
the subspace selection simultaneously, but in small
subspaces, adding one dimension at a time. This allows
these algorithms to scale much more easily with both the
number of instances in the dataset as well as the number
of attributes. However, performance drops quickly with
the size of the subspaces in which the clusters are found.
The main parameter required by these algorithms is the
density threshold. This can be difficult to set, especially
across all dimensions of the dataset. Fortunately,
even if some dimensions are mistakenly ignored due
to improper thresholds, the algorithms may still find
the clusters in a smaller subspace. Adaptive grid
approaches help to alleviate this problem by allowing
the number of bins in a dimension to change based
on the characteristics of the data in that dimension.
Often, bottom-up algorithms are able to find clusters of
various shapes and sizes since the clusters are formed
from various cells in a grid. This also means that the
clusters can overlap each other with one instance having
the potential to be in more than one cluster. It is also
possible for an instances to be considered an outlier and
not belong any cluster.

Clustering is a powerful data exploration tool capa-
ble of uncovering previously unknown patterns in data.
Often, users have little knowledge of the data prior to
clustering analysis and are seeking to find some interest-
ing relationships to explore further. Unfortunately, all
clustering algorithms require that the user set some pa-
rameters and make some assumptions about the clusters
to be discovered. Subspace clustering algorithms allow
users to break the assumption that all of the clusters in
a dataset are found in the same set of dimensions.

There are many potential applications with high di-
mensional data where subspace clustering approaches

could help to uncover patterns missed by current clus-
tering approaches. Applications in bioinformatics and
text mining are particularly relevant and present unique
challenges to subspace clustering. As with any cluster-
ing techniques, finding meaningful and useful results de-
pends on the selection of the appropriate technique and
proper tuning of the algorithm via the input parameters.
In order to do this, one must understand the dataset in
a domain specific context in order to be able to best
evaluate the results from various approaches. One must
also understand the various strengths, weaknesses, and
biases of the potential clustering algorithms.
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