Cluster-Grouping: From Subgroup Discovery to
Clustering

Luc De Raedt, Albrecht Zimmermann
Machine Learning Lab
Albert-Ludwigs-University Freiburg

March 18, 2004

Freiburg, Leuven and Friends, Hinterzarten March 2004



Luc De Raedt, Albrecht Zimmermann Cluster-Grouping

Outline

e Descriptive Data Mining

e Statistical Metric Pruning

e [Extension to Several Attributes

® Discussion

e Conclusion

Freiburg, Leuven and Friends, Hinterzarten March 2004 1



Luc De Raedt, Albrecht Zimmermann Cluster-Grouping

Descriptive Data Mining

e No classification problem
— No class given or
— No interest in class

e Instead trying to find description of (groups) of instances or relationship between different
attributes and their values

e Examples: Association Rule Mining, Subgroup Discovery, Symbolic Clustering

e Applications in commercial data analysis, bio-informatics etc.
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Descriptive Data Mining - Subgroup Discovery

e Trying to find groups of instances that show unexpected behavior with regard to a target
attribute

® Subgroups can overlap

e One approach: rule learning with Weighted Relative Accuracy, depending on beam size finds
best solution

e If class is given and used as target, regular classification

Freiburg, Leuven and Friends, Hinterzarten March 2004 3



Luc De Raedt, Albrecht Zimmermann Cluster-Grouping

Descriptive Data Mining - Symbolic Clustering

e Trying to find groups of instances that are similar to each other and dissimilar to instances
in other groups

e Reformulated: Trying to find groups of instances that show unexpected behavior with regard
to many (all) attributes compared to other clusters

e More general notion of subgroups in a sense
e Clusters (usually) don't overlap

e One approach: Cobweb, creates dendogram of clusters using Category Utility
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Descriptive Data Mining

e Differences:
— One fixed target vs All attributes
— Rule learning vs Arbitrary instance assignment
— Overlap vs Non-overlap

e Similarities:
— Finding groups of instances showing unexpected behavior with regard to target attribute(s)
— Heuristic approach since number of possible partitions too large to exhaust

e Two questions:
1. Can both tasks be put in the same framework to get rid of some differences?
2. Can the heuristic approach be changed to guarantee optimal solution with regard to
interestingness measure?
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Answers

1. Yes, by formulating the search process as trying to find the best rule(s) (having a disjunctive
rule head) with regard to interestingness measure

e For clustering fewer partitions that can be explored but

e Rules are descriptions of found clusters, more easily understandable than Cobwebs
representation

e Allows mining for subsets of attributes

2. Yes, using statistical metric pruning
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Statistical Metric Pruning

e Applied to association rule mining by Morishita et al

e Motivation: rules fulfilling minimum support not necessarily meaningful, have to be judged
after mining

e Also: too high minimum support might lead to loss of interesting rules, too low produces
many useless rules

e Solution: make interestingness measure (entropy gain, X2 etc.) anti-monotonous by
introducing upper bound on values specializations of rules can attain, prune accordingly

e Limited to one, fixed target, somewhat different from classical itemset mining
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More In-Depth

e Assume association rule I = C
e x = cover of rule body I, y = cover of entire rule

e Interestingness measures such as entropy gain, x> can be written as functions f(x,y) if
cover rule head, number instances known

e Considered thus they are convex functions = when defined on convex set take extreme
values on the convex hull

e Current (x, y) puts constraints on future tuples = maximum values attainable in the future
can be computed (at (y,y), (x — y,0))
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Extension to Several Attributes

e Consider ] = Ci;Vv(CyV...VvVC,
e Interestingness measure becomes higher dimensional: f(x, y1, Y2, ..., Yn)
e Same technique but dimension is increased

e Constraints on convex hull points more complex than in 2-dimensional case, simply projecting
on 2-dimensional leads to losing points

e Number of hull points is in O(2")
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Pros and Cons

e Pro:

— Get rid of the black art:
* No arbitrary beam size in rule learning, simply extend most promising
* No re-runs in clustering, since global optimum found

— In rule learning, don't consider all specializations, only promising ones

e Con:

— Possibly many points to evaluate, only sensible if instance counting expensive
— So far restricted to binary target attributes

— Upper bound overestimates potential
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Experimental Evaluation

e Compared to Cobweb on variety of data sets

e Sometimes better, sometimes worse, always competitive

® On several sets less rules evaluated than number of instances
e Cobweb's better solutions not easily describable

o Cobweb sometimes stuck in local extrema
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Future Work

e So far either multiple variables or multiple values, not both

— For single variable, multi-value case approach is similar, hull more constrained

— For multi-variable, multi-value possible to constrain sum of y; but then ...

e Number of hull points quickly becomes too large

— Identical {x, y1, y2, ...) have same upper bound: Look-up Table?
— Given identical size of cover for different C;, certain tuples can be considered symmetric

— Since disjunction of rules, possible to sum maximal values of single rules — impossible
combinations considered => upper bound too generous
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Conclusions

e Framework unifying predictive data mining tasks such as subgroup discovery, clustering
e Based on rule learning and statistical metric pruning

e Statistical metric pruning meaningful and effective

e Good results when compared to existing approach

e Open questions:
— Multi-variable, multi-value tasks
— Computational efficiency
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Questions?

Comments?

Valuable Insights?
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