6 CONCLUSIONS

6.1 Conclusions

In this thesis a new methodology for the unsupervised clustering of
microarray data was developed, implemented and tested. Central to this methodology
is the reinterpretation of clusters as data points themselves. Far from being the end-
all of data analysis, the partition created by a given clustering configuration is
unreliable and instable. However, the combination of many different partitions, taken
en masse, 18 a robust source of information, which can and should be mined for
knowledge.

The techniques of exploratory data analysis developed herein were quite
effective at discovering putative patterns in leukemia data, and in fact they
outperformed existing methods of cluster analysis. However, the author would hope
that the techniques not be taken as ‘another form of cluster analysis,” but rather as an
indication that the reinterpretation of clusters as data is a valid and worthwhile
endeavor. The methodology presented in this thesis is a first step towards identifying
the dominant — not the subjectively ‘relevant’ — clusters across clustering
configurations. Different clustering configurations discover different structures;

much is possible if these structures can be synthesized.
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6.2 Directions for Future Research

Although condensation clustering proved to be successful, computationally it
is extremely cumbersome to implement. Moreover, it proved to be susceptible (albeit
in a limited way) to many of the same problems that hinder normal clustering, namely
the arbitrary specification of parameters. Clustering the clusters has much potential,
and was the original motivation for this thesis, but more needs to be known about the
shape and characteristics of ‘cluster space’ before such techniques can be perfected.
Little theory exists on the metric space of sets, and even less is known about the space
of algorithmically-generated clusters. It would be quite instructive to explore other

properties of this space, as the author has done to a limited extent with 4 and p,,.

It would also be relatively simple, and potentially quite useful, to extend the
methodology of this thesis to ‘partition space,” essentially raising all concepts by one
more level of complexity. Although this area is even less understood than the cluster
space dealt with in this thesis, metrics do exist to measure distance between

partitions[43]. It would not be difficult, for instance, to calculate p,(P,,&) for an

arbitrary partition Py,. The discovery of a ‘prevalent partition’ could be extremely
useful in subclassification experiments, as well as other forms of analysis that require
a proper partition of the underlying data.

Of course, the combination of different algorithms is limited by the algorithms
themselves, and if the agglomerate of clustering configurations consistently misses
the putative structure in the expression data, surely the synthesis of these
configurations will miss the structure as well. Fortunately, cluster analysis is but one

technique among many used to analyze expression data. The shotgun-then-synthesize
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approach applied here to cluster analysis could potentially be quite useful in other
arenas where parameter choices lead to similar variability. This is not to say that
brute force analysis should replace a rigorous one, but in data mining it is often the
case that little theoretical guidance exists in choosing between different techniques of
analysis. In these situations, the synthesis of different approaches provides an

attractive alternative to the bickering over which is best.
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