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ABSTRACT
Generalized association rules are rules that contain some
background knowledge, therefore, giving a more general
view of the domain. This knowledge is codified by a ta-
xonomy set over the data set items. Many researches use
taxonomies in different data mining steps to obtain genera-
lized rules. In general, those researches reduce the obtained
set by pruning some specialized rules using a subjective
measure, but rarely analyzing the quality of the rules. In
this context, this paper presents a quality analysis of the
generalized association rules, where a different objective
measure has to be used depending on the side a generali-
zation item occurs. Based on this fact, a grouping measure
was generated according to the generalization side. These
measure groups can help the specialists to choose an appro-
priate measure to evaluate their generalized rules.

KEY WORDS
generalized association rules, objective evaluation mea-
sures.

1 Introduction

One of the tasks in data mining is theassociation rule
mining, which was introduced in [1] as follow. Consider
D a database composed by a set of itemsI = {i1, ..., im}
and by a set of transactionsT = {t1, ..., tn}, where each
transactionti ∈ T is composed by a set of items (itemset),
whereti ⊆ I. A transactionti ∈ T supports an itemset
A ⊂ I if A ⊂ T holds. The fraction of transactionsT
supporting an itemsetA considering databaseD is called
the support ofA, and is defined assup(A) = |{T∈D;A⊂T}|

|D|
[2]. An association rule is an implication of the form
A ⇒ B, whereA ⊂ I, B ⊂ I, A ∩ B = ∅. Two mea-
sures always appear with an association rule: support and
confidence. The support of a ruleA ⇒ B is defined as
sup(A ⇒ B) = sup(A ∪B) [2]. The confidence of a rule
is defined asconf(A ⇒ B) = |{T∈D;A∪B⊂T}|

|{T∈D;A⊂T}| [2]. The
problem of discovering all association rules is decomposed
into two subproblems [1]: (a) find all large itemsets; (b)
use these large itemsets to generate the rules. A large item-
set is a set of items that has a support value no less than

a user-specified minimum support (minsup). According to
the rule generation step (b), a rule will be generated, based
on a given itemset, if the rule has a minimum user-specified
confidence (minconf).

The use of background knowledge in the data mining
process allows the discovery of more abstract, compact
and, sometimes, interesting knowledge. An example of
background knowledge can be a concept hierarchy, that is,
a structure in which high level abstraction concepts (gene-
ralizations of low level concepts) are hierarchically orga-
nized by a domain expert or by an automatic process. Taxo-
nomy is a simple concept hierarchy that provides a general
organization view of the data set items.

The association rule mining technique generates all
possible rules considering only the items contained in the
data set, which leads to specialized knowledge. Aiming
to obtain a more general knowledge, thegeneralized asso-
ciation rules, which are rules composed by items contained
in any level of a given taxonomy, were introduced by [3].
Considering the same assumptions made in the traditional
association rules, a generalized association rule is an im-
plication of the formA ⇒ B, whereA ⊂ I, B ⊂ I,
A ∩ B = ∅ andno item in B is an ancestor of any item
in A [3]. In this case, the support and confidence measures
are also used and there are some important relations that
hold these measures: (a)sup(A ⇒ B̂) > sup(A ⇒ B);
(b) sup(Â ⇒ B) > sup(A ⇒ B); (c) sup(Â ⇒ B̂) >
sup(A ⇒ B); (d) conf(A ⇒ B̂) > conf(A ⇒ B) [4],
whereÂ indicates thatÂ is an ancestor ofA andB̂ indi-
cates that̂B is an ancestor ofB.

Taxonomies can be used in different steps of the data
mining process. Nowadays, many researches propose to
obtain generalized association rules in the mining step
([3, 5], [6], [7], [8], [9], [10]) and in the pre-processing
step ([11]). There are also some researches that apply taxo-
nomies in the post-processing step ([12], [13], [14]). The
major part of these researches carries out only a perfor-
mance study of their proposed approaches. However, more
important than performance is the quality of the extracted
rules. Some researches ([3, 5], [4], [11]) prune all specia-
lized rules unless they have a behavior that differs signifi-
cantly from their generalizations. In order to identify this
difference, the user has to inform aβ threshold value in or-



der to know how manyβ times the specialized rule has to
be different from the generalized rule. As the choice of the
β threshold is subjective, it is difficult to use this kind of
pruning. In addition, the purpose of this methodology is to
reduce the association rule set obtained and not in analy-
zing the rules quality.

In this context, an analysis to evaluate a generalized
association rule set using objective evaluation measures is
presented. The paper is organized as follow. In Section 2
the approach used to obtain the generalized rule sets is des-
cribed. Section 3 presents an analysis to study the behavior
of the objective measures when they are used with genera-
lized rules. Section 4 presents a comparison between the
results obtained by the analysis with a previous research.
Finally, Section 5 presents the paper conclusions.

2 The Generalized Association Rule Post-
processing Approach (GARPA) and the
Sets Considered in the Evaluation Analysis

This paper uses the post-processing approach proposed by
[15] to obtain a set of generalized association rules (GAR).
Since there is a specialized association rule set, obtained a
priori with a traditional mining algorithm, theGARPAmain
idea, shown in Figure 1, consists of generalizing this set
based on a given domain taxonomy. The process obtains a
generalized rule set composed by some rules that could not
be generalized (for example, rule R40 shown in Figure 1)
and by some generalized rules obtained by grouping the
specialized rules using the taxonomy set (for example, rule
R35 shown in Figure 1 – rule obtained by grouping the
rules milka ⇒ bread (R3), milkb ⇒ bread (R4) and
milkc ⇒ bread (R7)). The generalization can be done
on one side of the rule (antecedent (lhs: left hand side) or
consequent (rhs: right hand side)) or on both sides (lrhs:
left right hand side). While thelhs generalization indicates
relations between the category of items and specialized
items, therhs generalization indicates relations between
the specialized items and category of items. Thelrhs ge-
neralization indicates relations between categories.

In order to evaluate the knowledge expressed by gene-
ralized rules, an experiment was built to obtain some GAR
sets for two different data sets. The first data set (DS-1)
contains a one day sales of a supermarket located in São
Carlos city. DS-1 contains 1716 transactions with 1939
distinct items. The second data set (DS-2) is available in
theR Project for Statistical Computing1. The grocery data
set contains one month (30 days) of real-world point-of-
sale transaction data from a typical grocery outlet. DS-2
contains 9835 transactions with 169 distinct items.

The first step inGARPA, as shown in Figure 1, needs
a specialized rule set, that was obtained in this step by
the traditionalApriori mining algorithm, and a taxonomy
set. Four taxonomy sets were constructed for each data
set, distributed in the following way: one set composed by

1Available for download atwww.r-project.org .

Figure 1. The idea ofGARPA.

taxonomies containing one level (1L) of abstraction; one
set composed by taxonomies containing two levels (2L) of
abstraction; one set composed by taxonomies containing
three levels (3L) of abstraction; one set composed by ta-
xonomies containing different levels (DL) of abstraction.
Considering all possible combinations between the gene-
ralization side and the taxonomy level, twelve GAR sets
were generated throughGARPAfor each data set. Using
the notation side-level (of the taxonomy), the twelve com-
binations considered to obtain the twelve GAR sets for each
data set were: (a) lhs-1L; (b) rhs-1L; (c) lrhs-1L; (d) lhs-2L;
(e) rhs-2L; (f) lrhs-2L; (g) lhs-3L; (h) rhs-3L; (i) lrhs-3L;
(j) lhs-DL; (k) rhs-DL; (l) lrhs-DL.

3 Analyzing GAR through Objective
Measures

According to theGARPAmethodology, for each rule con-
tained in a GAR set its base rules are identified, that is, the
rules that were grouped by taxonomy to obtain the gene-
ralized rule. Based on this fact, the quality of a general
rule can be compared with the quality of its base rules con-
sidering an objective evaluation measure. To evaluate the
quality of a GAR, all the objective evaluation measures des-
cribed in [16] were used:Added Value, Certainty Factor,
Collective Strength, Confidence, Conviction, Cosine, φ-
coefficient, Gini Index, J-Measure, Jaccard, Kappa, Klos-
gen, Goodman-Kruskal’s, Laplace, Interest Factor, Mu-
tual Information, Piatetsky-Shapiro’s, Odds Ratio, Yule’s
Q andYule’s Y. So, an analysis was carried out to verify
if the generalized rules maintain or improve its measures
values compared to its base rules. Suppose, for example,
that the generalized rulebreada ⇒ milk was generated
by the rulesbreada ⇒ milka, breada ⇒ milkb and



breada ⇒ milkc. For each considered measures, a count
was carried out to find the percentage whereupon a gene-
ralized rule had a value equal or greater than the values of
its base rules. For example, if the rulebreada ⇒ milk
had a value of 0.63 for a specific measure and the rules
breada ⇒ milka, breada ⇒ milkb andbreada ⇒ milkc

the values 0.53, 0.63 and 0.77 respectively, for the same
specific measure, the percentage would be 66.67% (2/3 –
of a total of three rules, two of them had a smaller value
than its generalized rule). This percentage was calculated
for each generalized rule contained in each of the twenty-
four (twelve for each data set) generalized rule set and the
results were plotted in a histogram as in Figure 2. Thex
axis represents the ranges that varies from 0.0 (0%) to 1.0
(100%). For example, a range from 0.5 to 0.6 indicates that
a generalized rule contains, in 50% to 60% of the times,
a value greater or equal to its base rules. They axis re-
presents the percentage of generalized rules that belongs
to a specific range. For example, in Figure 2(c) 98.39% of
the generalized rules belong to the 0.9-1.0 range, indicating
that in almost all the cases (98.39%) the generalized rules
maintained or increased its value compared to almost all its
base rules (90% to 100%).

In order to analyze the results, Table 1 was generated.
Considering each measure and each of the twelve GAR
sets related to each data set, the percentage of the rules
belonging to the 0.9-1.0 range was observed. It is impor-
tant to note that this range indicates that a generalized rule
contains, in 90% to 100% of the times, a value greater or
equal to its base rules. This value indicates that, for exam-
ple, in 3.33% of the times in DS-1, using the lhs-1L option
and theAdded Valuemeasure, the generalized rules had, in
the 0.9-1.0 range, a value greater or equal to its base rules.

Measure Data Set Taxonomy Level lhs rhs lrhs
Added Value DS-1 1L 3.33% 98.39% 49.84%

2L 1.22% 97.27% 37.63%
3L 0.77% 82.01% 30.59%
DL 2.18% 78.49% 29.94%

Added Value DS-2 1L 2.07% 77.10% 33.33%
2L 2.02% 84.47% 38.11%
3L 2.12% 83.25% 35.95%
DL 1.99% 84.82% 37.12%

Certainty Factor DS-1 1L 3.39% 99.63% 54.60%
2L 1.24% 99.85% 44.98%
3L 0.77% 99.86% 51.22%
DL 2.18% 99.83% 50.15%

Certainty Factor DS-2 1L 2.07% 92.06% 45.37%
2L 2.02% 93.15% 50.61%
3L 2.12% 94.26% 50.65%
DL 1.99% 93.30% 50.00%

Collective Strength DS-1 1L 89.88% 59.08% 89.20%
2L 81.83% 16.36% 64.28%
3L 75.32% 9.76% 55.93%
DL 80.51% 29.44% 65.75%

Collective Strength DS-2 1L 72.73% 52.80% 68.21%
2L 73.28% 54.79% 73.48%
3L 72.46% 53.11% 72.22%
DL 73.31% 55.36% 73.93%

Confidence DS-1 1L 3.39% 100% 57.82%
2L 1.24% 100% 47.40%
3L 0.77% 100% 53.56%
DL 2.18% 100% 52.73%

Confidence DS-2 1L 2.07% 100% 59.57%
2L 2.02% 100% 60.06%
3L 2.12% 100% 59.48%
DL 1.99% 100% 59.20%

Conviction DS-1 1L 3.39% 99.63% 54.60%
2L 1.24% 99.85% 44.98%
3L 0.77% 99.86% 51.22%
DL 2.18% 99.83% 50.15%

Conviction DS-2 1L 2.07% 92.06% 45.37%
2L 2.02% 93.15% 50.61%

continued on next page

(a) DS-1:lhs-1L (b) DS-2:lhs-1L

(c) DS-1:rhs-1L (d) DS-2:rhs-1L

(e) DS-1:lrhs-1L (f) DS-2:lrhs-1L

Figure 2. Histogram for theAdded Valuemeasure consi-
dering the lhs-1L, rhs-1L and lrhs-1L options.

continued from previous page
Measure Data Set Taxonomy Level lhs rhs lrhs

3L 2.12% 94.26% 50.65%
DL 1.99% 93.30% 50.00%

Cosine DS-1 1L 95.87% 88.14% 96.81%
2L 88.08% 49.73% 79.67%
3L 81.59% 37.65% 70.58%
DL 83.58% 50.49% 74.02%

Cosine DS-2 1L 98.76% 97.20% 99.38%
2L 99.60% 99.09% 99.39%
3L 100% 99.52% 100%
DL 99.60% 99.11% 99.39%

φ-coefficient DS-1 1L 89.98% 78.67% 92.32%
2L 77.09% 37.23% 69.09%
3L 67.71% 24.80% 55.73%
DL 72.22% 40.83% 62.37%

φ-coefficient DS-2 1L 71.90% 67.76% 62.65%
2L 73.28% 72.60% 72.87%
3L 72.88% 71.29% 71.24%
DL 72.91% 72.32% 72.09%

Gini Index DS-1 1L 90.77% 98.44% 97.77%
2L 77.73% 97.58% 89.02%
3L 68.77% 82.08% 78.05%
DL 73.06% 78.57% 80.04%

Gini Index DS-2 1L 73.97% 78.97% 72.84%
2L 75.71% 87.21% 82.01%
3L 75.00% 85.65% 79.74%
DL 75.70% 87.50% 81.60%

J-Measure DS-1 1L 93.95% 93.33% 97.58%
2L 86.63% 81.63% 89.81%
3L 79.70% 68.04% 78.99%
DL 81.67% 64.45% 80.12%

J-Measure DS-2 1L 71.49% 71.96% 64.51%
2L 72.87% 78.08% 73.78%

continued on next page
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Measure Data Set Taxonomy Level lhs rhs lrhs

3L 71.61% 77.03% 72.22%
DL 72.51% 78.13% 73.31%

Jaccard DS-1 1L 90.74% 56.83% 89.55%
2L 83.26% 15.95% 65.05%
3L 76.81% 8.82% 56.46%
DL 82.03% 26.91% 66.09%

Jaccard DS-2 1L 83.06% 58.41% 80.86%
2L 83.00% 58.90% 83.84%
3L 82.63% 57.42% 82.03%
DL 83.27% 59.82% 83.74%

Kappa DS-1 1L 86.86% 48.60% 84.78%
2L 78.93% 11.97% 58.70%
3L 71.80% 6.36% 48.87%
DL 77.59% 23.24% 59.23%

Kappa DS-2 1L 62.40% 33.64% 47.84%
2L 62.35% 32.88% 52.74%
3L 60.59% 29.67% 50.65%
DL 62.15% 33.48% 53.37%

Klosgen DS-1 1L 71.00% 99.31% 91.45%
2L 42.74% 99.20% 74.35%
3L 33.44% 92.46% 68.59%
DL 45.01% 90.89% 73.67%

Klosgen DS-2 1L 58.68% 85.98% 70.68%
2L 61.13% 91.78% 77.44%
3L 61.02% 90.43% 76.47%
DL 60.56% 91.96% 76.69%

Goodman-Kruskal’s DS-1 1L 72.62% 97.24% 87.51%
2L 59.28% 90.53% 78.86%
3L 56.71% 77.08% 72.02%
DL 59.11% 75.03% 68.97%

Goodman-Kruskal’s DS-2 1L 94.21% 99.07% 93.52%
2L 94.33% 100% 99.39%
3L 94.07% 99.52% 99.02%
DL 94.02% 100% 99.08%

Laplace DS-1 1L 3.76% 100% 58.50%
2L 1.53% 100% 49.23%
3L 0.86% 100% 54.91%
DL 2.32% 100% 53.87%

Laplace DS-2 1L 1.65% 100% 58.95%
2L 1.62% 100% 59.45%
3L 1.69% 100% 58.82%
DL 1.59% 100% 58.59%

Interest Factor DS-1 1L 3.33% 3.59% 2.30%
2L 1.22% 0.61% 0.49%
3L 0.77% 0.31% 0.50%
DL 2.18% 2.95% 1.69%

Interest Factor DS-2 1L 2.07% 1.87% 1.23%
2L 2.02% 1.83% 1.22%
3L 2.12% 1.91% 1.31%
DL 1.99% 1.79% 1.23%

Mutual Information DS-1 1L 96.45% 37.43% 82.10%
2L 92.04% 10.00% 66.33%
3L 87.95% 6.46% 58.48%
DL 88.41% 22.10% 64.11%

Mutual Information DS-2 1L 75.21% 35.51% 53.40%
2L 76.92% 38.81% 63.11%
3L 76.69% 39.23% 62.42%
DL 76.89% 37.95% 62.58%

Piatetsky-Shapiro’s DS-1 1L 99.66% 98.57% 99.69%
2L 99.84% 97.73% 99.60%
3L 98.94% 82.67% 94.55%
DL 98.84% 79.21% 93.98%

Piatetsky-Shapiro’s DS-2 1L 84.71% 77.10% 80.86%
2L 87.45% 84.93% 87.20%
3L 86.86% 83.73% 85.29%
DL 87.65% 85.27% 87.12%

Odds Ratio DS-1 1L 22.22% 57.06% 37.11%
2L 8.16% 62.65% 27.40%
3L 8.87% 71.83% 31.70%
DL 14.49% 69.84% 34.51%

Odds Ratio DS-2 1L 12.81% 35.05% 16.36%
2L 14.98% 39.73% 21.95%
3L 14.83% 40.19% 21.90%
DL 13.94% 38.39% 20.86%

Yule’s Q DS-1 1L 22.22% 57.15% 37.18%
2L 8.19% 62.65% 27.42%
3L 8.87% 71.83% 31.73%
DL 14.49% 69.84% 34.54%

Yule’s Q DS-2 1L 12.81% 35.05% 16.36%
2L 14.98% 39.73% 21.95%
3L 14.83% 40.19% 21.90%
DL 13.94% 38.39% 20.86%

Yule’s Y DS-1 1L 22.25% 57.10% 37.18%
2L 8.19% 62.69% 27.40%
3L 8.87% 71.87% 31.70%
DL 14.49% 69.84% 34.51%

Yule’s Y DS-2 1L 12.81% 35.05% 16.36%
2L 14.98% 39.73% 21.95%
3L 14.83% 40.19% 21.90%
DL 13.94% 38.39% 20.86%

Table 1. Percentage of generalized rules belonging to the
0.9-1.0 range considering each measure and each GAR set.

Table 2 was constructed, based on Table 1, verifying
on which side each measure had the best performance and
if this performance occurred in both data sets. For example,
in Table 2, theLaplacemeasure had, in both data sets, the
best performance in therhs. The measures marked with:

* indicates that in one of the twenty-four options con-

sidered in each measure (twelve for each data set)
shown in Table 1, the side that had the best perfor-
mance with the measure was thelrhs and the side in-
dicated in Table 2 the second best performance.

** indicates that in two of the twenty-four options con-
sidered in each measure (twelve for each data set)
shown in Table 1, the side that had the best perfor-
mance with the measure was thelrhs and the side in-
dicated in Table 2 the second best performance. How-
ever, for theInterest Factormeasure the best perfor-
mance is related to therhs.

**/* indicates that in two of the twenty-four options con-
sidered in each measure (twelve for each data set)
shown in Table 1, the side that had the best perfor-
mance with the measure was thelrhs and in one of
the options thelrhs draw. In both cases, the measure
indicated in Table 2 had the second best performance.

The only measure that did not present a pattern and,
therefore, is not found in Table 2, was theJ-Measure.
Observe that almost all of the measures of therhs pre-
sented a pattern (90.91% (10/11)), that is, this side did not
present in any way an exception in relation to the side that
had the best performance in one specific measure, different
from thelhs measures.

It is important to note in Table 1 that in 15 mea-
sures (Added Value, Certainty Factor, Collective Strength,
Confidence, Conviction, Cosine, Jaccard, Kappa, Klosgen,
Laplace, Mutual Information, Novelty, Odds Ratio, Yule’s
Q andYule’s Y), that is, in 71.43% of the times, the side that
had the second best performance in all of those 15 mea-
sures was thelrhs. Of the 5 remaining measures, in 4 of
them (φ-coefficient, Gini Index, J-MeasureandGoodman-
Kruskal’s) the lrhs had the best performance in those 4
measures in most of the cases. In relation to theInterest
Factor measure, the side that had the second best perfor-
mance was therhs.

Side lhs rhs
Measure Collective Strength** Added Value

Cosine**/* Certainty Factor
φ-coefficient* Confidence

Jaccard** Conviction
Kappa Gini Index*

Interest Factor** Klosgen
Mutual Information Goodman-Kruskal’s
Piatetsky-Shapiro’s* Laplace

Odds Ratio
Yule’s Q
Yule’s Y

Table 2. Grouping of objective measures with respect to
the generalization side performance.

From the results shown in Table 2, we can conclude
that for each generalized side there is a proper set of mea-
sures that is better for the GAR quality evaluation.



4 Previous Research Comparison

In [16] the authors carried ou a study about some properties
of the objective measures used here and grouped them by
its similarity properties (Table 3). Observe that the mea-
suresConfidence, ConvictionandJ-Measureare not pre-
sented in any of the groups.

In order to verify the relationship between these
groups of measures and the results shown in Table 2, the
measures of each group were divided in two categories:
symmetric and asymmetric. One measureM is symmetric
if M(A ⇒ B) = M(B ⇒ A); otherwise it is asymmetric
[17]. Symmetric measures are generally used to evaluate
itemsets, while asymmetric measures are more suitable to
analyze association rules [17]. The results of this catego-
rization are shown in Table 4. Observe, in Table 4, that
a new group (group 8) was created aiming to add in the
analysis two measures not considered in Table 3, that is,
ConfidenceandConviction. The J-Measuremeasure was
not included in Table 4 because this measure does not
appear in Table 3 nor in Table 2. TheSupportmeasure
was not considered because by definition theSupportof a
generalized rule is always greater or equal to its base rules
(see Section 1). Additionally, in Table 4, beside each mea-
sure is the information about the side where the measure
had the best performance according to the results presented
in Table 2. Analyzing the Table 4 results we have:

[a] the measures belonging to groups 1, 3, 5 and 8 are
more adequate to be used in the evaluation of rules
that contain generalized items in therhs;

[b] the measures belonging to groups 2 and 4 are more
adequate to be used in the evaluation of rules that con-
tain generalized items in thelhs;

[c] in relation to group 6, when the measure is symmetric,
it is more adequate to use the measure in the evalua-
tion of rules that contain generalized items in thelhs.
However, if the measure is asymmetric, it is more ade-
quate to use the measure in the evaluation of rules that
contain generalized items in therhs;

[d] group 7 does not present a pattern.

The results analyzed from Tables 3 and 4 allowed
us to conclude that each measure group contributes to the
quality evaluation of a GAR set when a specific generali-
zation side is used.

5 Conclusions

This paper provided an analysis of the GAR quality and
some useful contributions. UsingGARPAit was possible
to identify the relations of the generalized rules and its base
rules and then carried out a quality comparison.

The analysis showed that depending on the side
occurrence of a generalization item a different group of

Group Measure
1 Odds Ratio

Yule’s Q
Yule’s Y

2 Cosine
Jaccard

3 Support
Laplace

4 φ-coefficient
Collective Strength
Piatetsky-Shapiro’s

5 Gini Index
Goodman-Kruskal’s

6 Interest Factor
Added Value

Klosgen
7 Mutual Information

Certainty Factor
Kappa

Table 3. Groups of objetive measures with similar proper-
ties [16].

Group Symmetric Asymmetric
1 Odds Ratio rhs

Yule’s Q rhs
Yule’s Y rhs

2 Cosine lhs
Jaccard lhs

3 Laplace rhs
4 φ-coefficient lhs

Collective Strength lhs
Piatetsky-Shapiro’s lhs

5 Goodman-Kruskal’s rhs Gini Index rhs
6 Interest Factor lhs Added Value rhs

Klosgen rhs
7 Kappa lhs Mutual Information lhs

Certainty Factor rhs
8 Confidence rhs

Conviction rhs

Table 4. Groups of objetive measures with similar proper-
ties split by symmetry.

measures has to be used to evaluate the GAR quality. In
other words, if a rule presents a generalized item in the
lhs, thelhs measures (Table 2) have to be used, since these
measures have a better behavior when applied to evaluate
a GAR with a generalized item in thelhs; the same idea
applies to therhs. Thus, this paper gives a huge contribu-
tion to the post-processing knowledge step.

In order to base the empirical results, an analytical
evaluation of some objective measures presented is being
done. As a future research, an analysis with an expert
domain will be done to verify if the measure groups are,
in fact, able to select the most interesting generalized rules
depending on the generalization side.
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SBBD/SBES, 2006, 81–88.

[16] P.-N. Tan and V. Kumar and J. Srivastava, Selecting
the Right Objective Measure for Association Analysis,
Information Systems, 29(4), 2004, 293–313.

[17] P.-N. Tan and M. Steinbach and V. Kumar, Asso-
ciation Analysis: Basic Concepts and Algorithms, in
P.-N. Tan and M. Steinbach and V. Kumar (Ed.),Intro-
duction to Data Mining, chapter 6, (Addison-Wesley,
2005), 327–414.


