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Abstract. Clustering on large high dimensional datasets is still a diffi-
cult challenge for practical data mining applications. Knowing intrinsic
characteristics of dataset can help abstract the dataset and/or provide in-
sightful hints in the clustering process, which potentially could improve
the process dramatically. This paper presents a novel fractal analysis
based preprocessing tool to accelerate clustering methods by sampling
dataset into critical-sized subset which preserves original dataset’s dis-
tribution patterns and by advising clustering methods of the dataset’s
intrinsic features through critical input parameters. Experiment result
of applying this tool with BIRCH clustering method suggests its effec-
tiveness and applicability.

1 Introduction

Though clustering methods with different strengths and weaknesses have been
developed for many years, it is still a difficult challenge in practical data mining
applications. Some methods, e.g. CLARAN [2], BIRCH [4], CURE [1], tried to
address the problems of high-dimensionality and large datasets in data mining,.
However, they just generally cluster the dataset without taking advantage of
information about the dataset’s intrinsic distribution characteristics, which, if
properly used, could provide promising performance and accuracy gain.

Fractal analysis is valuable for its capability to gain insight into dataset’s in-
trinsic characteristics with practical overhead. “Self-Plot” 1[3] is among the most
frequently used fractal analysis tools. It can provide information about dataset’s
fractal-dimensionality, estimated intra-cluster and inter-cluster distance, etc, in
just linear times scan of the whole dataset. In this paper, we will present a novel
tool to improve clustering methods by taking advantage of dataset’s intrinsic
information obtained through “Self-Plot”.

1 «Self-Plot” is also called “Correlational Integral Plot” in Fractal literature.
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2 Method

2.1 Overview Description

The key idea in this paper is based on the assumption that: if a sampled subset
has similar “Self-Plot” to that of original dataset, then it preserves original
dataset’s distribution pattern and can be used in place of original dataset for
clustering.

With the assumption, we add a fractal-based sampling tool as a preprocessing
step before clustering. A given large high dimensional dataset first goes through
this sampling tool and is reduced to critical-sized? subset which preserves orig-
inal data distribution pattern. Then the sampled subset is fed into a clustering
method. The clustering result of sampled subset is reported as the clustering
result of original one. (See figure 1)
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Fig. 1. The overview flow-chart of fractal-based sampling

The preprocessing box improves clustering methods in two aspects. First
it reduces dataset’s size; second it advises successive clustering method with
some critical input parameters, which are obtained through “Self-Plot” analysis.
The second aspect is dependent on specific clustering method. For example,
BIRCH clustering method requires input parameter 7' as the estimated intra-
cluster distance. If wisely set, the rebuilding time of CF tree in BIRCH could
be dramatically reduced. In later part, we will see the improvements made by
advising T' to BIRCH.

2.2 Components and Algorithm

The preprocessing box has two main components. One is called “Self-Plot and
Plateau Detection” module, (“Plateau” for short), the other is “Plot Compari-
son”, (“Comparison” for short). They collaborate to find the critical-sized subset
of original dataset.

2 By “critical-sized’, we mean the smallest subset that preserves original dataset’s
distribution pattern. Smallest is not absolute, but is relative to all iterations of
operation.
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Plateau Module

“Plateau” is a flat part within “Self-Plot”. It yields much valuable informa-
tion about the dataset’s intrinsic characteristics, such as its inter-cluster and
intra cluster distances. The starting distance of plateau is also a critical param-

eter for the later “Comparison module”. Figure 2 shows a typical plateau found
in “Self-Plot”.
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Fig. 2. Plateau detected in a Self-Plot

This plateau detection functionality is implemented based on slope verifica-
tion. Segments with slopes under a predefined threshold value are detected as
part of plateau. Finally all segments concatenate into a plateau.

Comparison Module

Comparison module receives input of two “Self-Plots”, and starting distance
of detected plateau from “Plateau” module to evaluate similarity between the
two “Self-Plots”. The module works under the statistically proved lemma: the
sampled subset is a good abstract of original dataset if its “Self-Plot” is parallel
to that of original dataset after the plateau part. (See figure 3.)

The intuition behind the lemma is that: if observed from distance farther
than intra-cluster distance, the sampled subset should have same fractal dimen-
sionality as original dataset. Because fractal dimensionality is reflected as slope
of “Self-Plot”, same fractal dimensionalities means same slopes in Self-Plots.
Hence, the “Self-Plots” should be parallel after plateau part. In practice, we
use correlation coefficients of two “Self-Plots”, of first derivatives and of second
derivatives to assess the parallelism of the later part of “Self-Plots”.

3 Experiment with BIRCH method

BIRCH is one of the most cited clustering algorithms in data mining applications.
It clusters large high-dimensional dataset into a hierarchical tree structure, called
CF tree, with optimized I/O overhead and one time scan over the whole dataset.
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Fig. 3. Graphical Illustration of Parallelism Lemma of Self-plots of original and sam-
pled datasets

In this experiment, we use the above method to improve BIRCH in two
ways: reduce the size of dataset through fractal based sampling; advise BIRCH
of critical input parameter, T', which is the estimated maximum distance within
each cluster.
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Fig. 4. Self-Plots of sampled datasets and running time of advised/unadvised BIRCH

In figure 4-(a), the fractal based sampling tool iteratively samples origi-
nal dataset (20000 points) into smaller subsets until critical-sized subset (1250
points) is reached. Figure 4-(b) shows that using starting distance of plateau as
the input parameter T' can greatly expedite the execution of BIRCH.

BIRCH requires several sensitive input parameters, like 7' (maximum intra-
cluster distance) and K (number of clusters), which are often hard to estimate
ahead of time. Figure 5 shows, as we use the estimated 7" from plateau, the clus-
tering result is improved. In (a), BIRCH grouped 10 clusters in the critical-sized
subset (1250 points), while in (b), with properly advised T, BIRCH produced 5
clusters correctly.
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Clustering Result with T=0 Clustering Result with T Advised by Plateau
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Fig. 5. cluster labels given by BIRCH

4 Conclusion

In this paper, we presented a new fractal-based sampling tool to accelerate pre-
vailing clustering methods in two aspects: (1) as a preprocessing step to it-
eratively sample the original dataset into critical-sized subset with preserved
distribution patterns, so as to reduce the size of dataset; (2) advising clustering
methods with critical input parameters which is specific to different methods.
The experiment result suggests the tool’s effectiveness and applicability in both
aspects. We also did experiments on OPTICS and CURE clustering methods,
the results are also positive.
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