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Introduction

 Association rules

 Problem: the amount of patterns that are generated

 Many works have been done in the area of post-processing

 Solution: Objective Measures (OMs)

 Objective Measures

 Used to compute the importance of a rule to direct the users towards the 

interesting patterns of the domain

 Due to their frequent use, many OMs have been proposed (above 50)

 An important challenge is to decide which OM to use
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Introduction

 Some solutions have been proposed:

 Filter them to reduce the number of measures to be chosen

 One way is to cluster the OMs to split them in groups

 Problem: even splitting the measures, many of them can remain (at least one of each
group)

 Aggregate many OMs’ values in only one importance value as a mean of not 

selecting a suitable OM to rank the rules

 Problem: the obtained values cannot be well understandable
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Objective

 Objective

 To propose a process to solve the problem related to the identification of a 

suitable OM to direct the users towards the interesting patterns

 Goal: to find the same interesting patterns, as if the most suitable OM had been used, 
also trying to reduce the exploration space to minimize the user’s effort
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The Proposed Process

 The solution is based on a clustering of association rules considering the 

existing similarity among the rankings obtained by a set of OMs
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The Proposed Process

 Input: an association rule set Rl and a set M of OMs the user has interest to use

 Output: a group of clusters ordered by their degree of interestingness

 It is expected that the first clusters be the ones that will contain the interesting patterns, 

trying to reduce the exploration space
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The Proposed Process
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The Proposed Process
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The Proposed Process

 To compute the dissimilarity matrix D the Manhattan 

distance is used

 The idea is to find the existing agreement among the rules

 To obtain groups of rules that agree with their classifications 
considering different semantics (one of each OM)
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The Proposed Process
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The Proposed Process

 The clusters are ranked as follows:

 For each rule r, all of its rankings, in all of the OMs, are summed and 
the mean taken

 Based on these means, the interestingness of each cluster is 
computed by taking the mean of the values obtained for each rule

 The clusters are sorted and output to the user
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Experiments

 To evaluate the process, a real data set, provided by the Civil Defense of 

Rio Claro city, São Paulo state, was used

 2215 rules were obtained

 To construct a “gold standard” rule set (G set) the expert analyzed all of 

the 2215 extracted rules to identify, among them, the ones considered as 

interesting, coming up with a total of 181 (|G|=181)
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Experiments

 To analyze the impact of the rule’s size, the original rule set was used to 

generate 4 different rule sets, each containing its own Gx set:

 R2 containing the extracted rules with 2 items and G2 the gold rules with only 2 

items

 R3 containing the extracted rules with a minimum of 2 and a maximum of 3 items 

and G3 the gold rules with a minimum of 2 and a maximum of 3 items

 … and so on, until R5 containing all the extracted rules and G5 all the original 

gold rules
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Experiments

The proposed process was executed for each rule set Rx

To evaluate the results, four values were computed:
 Recall in Clustering (Rc.Cl)

 Reduction in Clustering (Rd.Cl)

 Recall in OM (Rc.OM)

 Reduction in OM (Rd.OM)
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Experiments

 Rc.Cl stores, for a given rule set Rx, the number of Gx rules that were found, 

from the total that should be found, for all of its clusters

 Rd.Cl stores, for all the clusters of a given rule set Rx, the exploration space 

reduction, i.e., the number of rules the user does not have to explore to find 

the knowledge he considers as interesting
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20 I

30 R

20 I

C3 C1 C2

Total: 100 R / 50 I

Rc.Cl = 10/50 = 20%
Rd.Cl = 1-(50/100) = 50%

Rc.Cl = (20+10+20)50 = 100%
Rd.Cl = 1-(30+50+20/100) = 0%

Rc.Cl = (20+10)/50 = 60%
Rd.Cl = 1-(20+50/100) = 30%
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Experiments

 Rc.OM, Rd.OM: computed to compare the results with the ones that would 

be obtained by the traditional OM post-processing approach

 The aim is to discover the best OM, i.e., the one that reaches a Rc.OM of 

100% with less effort, i.e., with a high Rd.OM
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Experiments

 For a given OM, the rules are ranked, and each position of the ranking is 

considered as a cluster containing one rule – what is being analyzed is the 

user’s effort to achieve a good recall
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Results and Discussion

 It is possible to evaluate if the user can recover the same interesting patterns as if the best OM 
had been used

 If it would be possible to minimize the user’s effort by reducing the exploration space

82.11%

35.56%

75.00%
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Results and Discussion

 Evaluating the results, it can be noticed that:

 The results of the proposed process overlap with the ones that would be 

obtained with the best OM

 This means that the user’s effort to achieve a good recall is almost the same in 

both the procedures

 Therefore, good results were obtained, since, in real applications, the user does 

not know which OM to use to achieve reasonable results
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Results and Discussion

 Evaluating the results, it can be noticed that (cont.):

 In real applications, the user may not reach a R of 100%, since only the first n rules 

are explored to obtain a good exploration space reduction

 For recalls below 50%, the proposed process generally provides the user with the 

same relevant information (i.e., the same R) with little less effort

 The exploration space reductions are higher than the ones obtained through the best 
OM

 Finally, the rule size does not seem to have a high effect on results – the above 

discussions are true for all of the Rx sets
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Conclusion

 The proposed process provides a reasonable way to reduce the user’s 

effort, in finding the relevant patterns, without knowing the best OM to 

apply
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