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Abstract. A major problem when dealing with association rules post-
processing is the huge amount of extracted rules. Several approaches have
been implemented to summarize them. However, the obtained summaries
are generally difficult to analyse because they suffer from the lack of navi-
gational tools. In this paper, we propose a novel method for summarizing
large sets of association rules. Our approach enables to obtain from a rule
set, several summaries called Cube Based Summaries (CBSs). We show
that the CBSs can be represented as cubes and we give an overview of
OLAP 1 navigational operations that can be used to explore them. More-
over, we define a new quality measure called homogeneity, to evaluate the
interestingness of CBSs. Finally, we propose an algorithm that generates
a relevant CBS w.r.t. a quality measure, to initialize the exploration.
The evaluation of our algorithm on benchmarks proves the effectiveness
of our approach.
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Classical mining algorithms generally produce a huge number of association
rules [1] making it difficult to efficiently analyze the discovered rules. Methods
that generate generic bases are then proposed to reduce the number of the mined
rules [2,3,4]. Unfortunately, this quantity often remains too important. Several
methods of summarization and navigation have been proposed to facilitate the
exploration of association rule sets. Summarization is a common method for
representing huge amounts of patterns [5,6,7,8,9,10]. However, summaries gen-
erated by the existing methods are generally difficult to explore. Indeed, they
are usually displayed in the form of pattern lists with no further organization.
In addition, they suffer from the lack of navigational tools. For the purpose of
exploring association rules, these latter are represented with cubes [11,12,13].
In particular, the approach exposed in [13] treats class association rules [14].
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However, the cubes proposed by those methods don’t represent summaries. In-
deed, they only depict a portion of the rules which doesn’t provide a global and
complete view of the whole set of association rules. In this paper, we propose a
new approach to explore large sets of association rules.

Our first contribution is the proposal of cube based summaries (CBSs) to
summarize large sets of association rules. Theses CBSs can be represented with
cubes which enable to depict the rules according to multiple levels of detail and
different analytical axes. Our motivation is based on the fact that, by represent-
ing rule sets with cubes, we can exploit OLAP navigational operations [15,16]
in order to facilitate the analysis of the rules.

Our second contribution is the proposal of a greedy algorithm which generates
a relevant CBS not exceeding a user-specified size for a given rule set. Such a
CBS can be used to initialize the exploration of the latter. The algorithm is based
on a quality measure that evaluates the interestingness of CBSs. We propose a
new measure to evaluate the quality of CBSs. It is called homogeneity and is
based on the Shannon conditional entropy.

Finally, empirical tests on generic bases show that an interesting CBS can be
computed within a reasonable time, even if the size of the initial set of rules
is very large. They also show that the quality of a summary generated by our
algorithm is close to that of the optimal solution.

The remainder of the paper is organized as follows. Some preliminary defini-
tions and notations are presented in Section 1. In Section 2, we describe CBSs
and we give an overview of possible utilizations of OLAP navigational operations.
In Section 3, we propose a new quality measure before detailing our summariza-
tion algorithm. In Section 4, we present the results of empirical evaluations of
our algorithm performed on generic bases of association rules. A state of the
art on existing summarization methods is presented in Section 5. We eventually
conclude in Section 6 and we expose prospects for future research.

1 Context and Motivation

Summary is practical for representing huge amounts of patterns. It provides a
global view of the patterns. It also enables to analyse the extracted patterns
in a broader context which highlights relations between them. After recalling
the definition of association rule, we propose a summary framework which can
be applied not only to association rules, but also to other patterns. Finally, we
formulate the problem that we address in the remainder of this paper.

1.1 Association Rules

Let A be a finite set of attributes such that each attribute A ∈ A takes its values
in a set dom(A), called the domain of A. In the following, we assume that the
domains of the attributes in A are pairwise disjoint.

Given an attribute A ∈ A, an item defined on A is a value of dom(A).
An itemset defined on A is a set of items X = {a1, ..., aK} such that ak ∈

dom(Ak) for all k ∈ {1, ..., K} and {A1, ..., AK} ⊆ A. The attribute set sch(X) =
{A1, ..., AK} denotes the schema of X .
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Table 1. Association rules

r1 : {auto} ⇒ {stab} r4 : {stab} ⇒ {yes} r7 : {yes} ⇒ {stab}
r2 : {auto} ⇒ {stab, yes} r5 : {stab} ⇒ {auto} r8 : {yes} ⇒ {auto, stab}
r3 : {auto} ⇒ {yes} r6 : {stab} ⇒ {auto, yes} r9 : {yes} ⇒ {auto}

An association rule defined on A is a relation X ⇒ Y where X and Y are
itemsets defined on A such that X ∩ Y = ∅. X and Y are the body and the
head of the rule, respectively. Thereafter, R denotes the language of all possible
association rules.

Let us consider the attribute set A = {control, stability,visibility} that
describes data about spacecraft landing where dom(control) = {auto, noau-
to}, dom(stability) = {stab, xstab} and dom(visibility) = {yes, no}. Table 1
shows an excerpt from association rules defined on A. As aforementioned, analy-
sis of rule sets which are often huge in practice requires smaller representations.

1.2 Summary Framework

Even if this paper focuses on summaries of association rules, we present in this
section a framework for any language of patterns. Indeed, Definitions 1 and 2 are
generalizations of definitions proposed in [6] for itemsets. The notion of summary
relies on coverage relation:

Definition 1 (Cover). Let (P ,�P) and (S,�S) be two partially ordered pat-
tern languages. A coverage relation over P × S, denoted �, is a binary relation
over P × S such that for all p ∈ P and s ∈ S:
(i) for all p′ ∈ P, if p �P p′ and s � p, then s � p′,
(ii) for all s′ ∈ S, if s′ �S s and s � p, then s′ � p.

In our approach, �P and �S are specialization relations. The notation s′ �S s
means that s′ is more general than s and s is more specific than s′. If P = S then
the specialization becomes a coverage relation. In the following, we consider the
specialization relation �R for association rules described hereafter. Given two
association rules r1 : X1 ⇒ Y1 and r2 : X2 ⇒ Y2, r2 is more specific than r1

(r1 �R r2) if X1 ⊆ X2 and Y1 ⊆ Y2. For example, r2 : {auto} ⇒ {stab, yes}
is more specific than r1 : {auto} ⇒ {stab}. The specialization relation �R can
also be used as a coverage relation over R ×R because the conditions (i) and
(ii) of Definition 1 are satisfied. Given a set of patterns P ⊆ P and a pattern
s ∈ S, cover(s, P ) denotes the subset of patterns in P covered by s. Now, let us
formalize the notion of summary.

Definition 2 (Summary). Let � be a coverage relation over P × S and P be
a subset of P. A summary of P w.r.t. � is a subset S of S such that:
(i) for all pattern p in P , there exists a pattern s of S such that s � p,
(ii) each pattern of S covers at least one pattern of P ,
(iii) |S| ≤ |P |.
Subsequently, S is called a language of summary patterns. Note that most of the
existing methods use the same language for P and S [5,6,7,8]. For instance, given
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the rule set R composed of the rules detailed in Table 1 and the coverage relation
�R, the rule set S = {r1 : {auto} ⇒ {stab}, r10 : {} ⇒ {auto}, r11 : {} ⇒
{stab}, r12 : {} ⇒ {yes}} is a summary of R w.r.t. �R. Indeed, conditions (i)
and (ii) of Definition 2 are satisfied since cover(r1, R) = {r1, r2}, cover(r10, R) =
{r5, r6, r8, r9}, cover(r11, R) = {r1, r2, r7, r8} and cover(r12, R) = {r2, r3, r4, r6}.
Condition (iii) is also satisfied because S which contains 4 rules is smaller than
R with 9 rules. Moreover, if r1 is removed from S, S′ = {r10, r11, r12} remains
a summary of R because all the rules of R are still covered. But, if one of the
other rules is removed, the result is no longer a summary. S′ is called a minimal
summary of R. This concept is defined below:

Definition 3 (Minimal Summary). Let S ⊆ S be a summary of P ⊆ P w.r.t.
�. S is minimal if there is no set S′ ⊂ S such that S′ is a summary of P .

1.3 Problem Statement

A pattern set can have several minimal summaries in a given language of sum-
mary patterns. For example, the set of rules {r1, r3, r4, r7, r9} is also a minimal
summary of the previous pattern set R. This summary is larger than S given
above but it is also relevant because it provides more details about the rules of
R. Thus, we would like to navigate between the different summaries of a rule
set.

In this paper, we are particularly interested in summaries of association rule
sets and we address two problems which are formulated as follows:

1. How should we define a language of summary patterns and a coverage rela-
tion that enable to build minimal summaries and to explore effectively large
sets of association rules?

2. Which minimal summaries are the most interesting?

Sections 2 and 3 address these problems, respectively.

2 Summarizing Large Sets of Association Rules

To solve the first problem, we propose summaries named cube based summaries
(CBSs) that we represent with cubes. Then, we present operations that can be
performed on a CBS.

2.1 Cube Based Summary

We introduce in this section CBSs which give smaller representations of large
sets of association rules. Fig. 1 depicts a CBS for the set R that contains the
association rules presented in Table 1. It is composed of three dimensions which
constitute its schema 〈Body.control, Body.visibility, Head.control〉. Each
dimension corresponds to an attribute. The attributes prefixed with Head appear
in the head of the rules and those with the prefix Body appear in their body. On
each dimension, values that belong to the domain of the corresponding attribute
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Fig. 1. Representation of a CBS
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Fig. 2. A roll-up operation

are displayed. The null values nullC and nullV are added on the dimensions
to express the absence of value. Each cell of the cube is referenced with a tu-
ple 〈b1, b2, h1〉 which belongs to [dom(control)∪{nullC}]× [dom(control)∪
{nullC}]× [dom(control)∪{nullC}]. These tuples are called the references de-
fined on the schema 〈Body.control, Body.visibility, Head.control〉. There-
after, S denotes the language of references of all the possible schemas. A reference
can cover one or more rules of R and its cell contains the number of rules it covers.
The cells filled in grey correspond to the references that cover no rule of R. The
values noauto of Body.control and Head.control and no of Body.visibility
can be removed since all the cells associated with them are empty. Our cover-
age relation is defined over R× S. It is based on the specialization relation �R
for association rules (see Section 1) and the specialization relation �S for ref-
erences defined hereafter. Given two references s =< b1, . . . , bI , h1, . . . , hJ >
and s′ =< b′1, . . . , b′K , h′

1, . . . , h
′
L >, s is more general than s′ (s �S s′) if

{b1, . . . , bI} ⊆ {b′1, . . . , b′K} and {h1, . . . , hJ} ⊆ {h′
1, . . . , h

′
L}. Considering those

specialization relations, we define the following coverage relation that is used in
Fig. 1.

Definition 4 (Rule Cover). Given the language of association rules R and the
language of references S, a reference s =< b1, . . . , bI , h1, . . . , hJ >∈ S defined
on the schema 〈Body.B1, . . . , Body.BI , Head.H1, . . . , Head.HJ〉 covers a rule r :
X ⇒ Y ∈ R (s �S,R r) if for all v = bi, i ∈ {1, . . . , I} (resp. v = hj, j ∈
{1, . . . , J}):
– when v does not equal to the null value of Body.Bi (resp. Head.Hj), X (resp.

Y) contains v;
– otherwise, X (resp. Y) does not contain an item defined on Bi (resp. Hj).

For example, the reference 〈nullC , yes, auto〉 defined on 〈Body.control, Bo-
dy.visibility, Head.control〉 covers the rules r8 : {yes} ⇒ {auto, stab} and
r9 : {yes} ⇒ {auto} because their body and their head contain yes and auto, re-
spectively. However, 〈nullC, nullV , auto〉 does not cover r9 : {yes} ⇒ {auto} be-
cause the latter contains in its body the item yes which is defined on visibility.
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It can straightforwardly be proved that �S,R is a coverage relation. Indeed we
intuitively observe that every reference that covers a rule r ∈ R also covers the
specializations of r. And conversely, every rule covered by a reference s is also
covered by the generalizations of s. Now, we formalize the notion of CBS.

Definition 5 (Cube Based Summary). Given a rule set R, the cube based
summary of schema C = 〈Body.B1, . . . , Body.BI , Head.H1, . . . , Head.HJ〉 of R,
denoted SC,R, is the set of all the references defined on C which cover at least
one rule of R, w.r.t. �S,R.

Any CBS SC,R of a rule set R is a summary of R w.r.t. �S,R because SC,R

satisfies the conditions of Definition 2.
TheCBSof schema 〈Body.control, Body.visibility, Head.control〉depicted

in Fig. 1 is composed of the references: 〈auto, nullV , nullC〉, 〈nullC , yes, auto〉,
〈nullC , yes, nullC〉, 〈nullC , nullV , auto〉 and 〈nullC, nullV , nullC〉. Note that if
at least one of the references detailed above is removed from the CBS, the rule set
R is no more covered entirely. The property below generalizes this observation:

Property 1 (Minimality). If SC,R is a CBS of a rule set R, then it is a minimal
summary of R w.r.t. �S,R .

Property 1 enables us to ensure that a CBS is not only a summary, but it is also
minimal. Therefore, the amount of information presented to the user is reduced
as much as possible. In order to respect the requirements regarding the number
of pages, the proof of the above property is not exposed.

After proposing the language of references S and the coverage relation �S,R
that we have used to define CBSs, we show in the next section how CBSs can
be explored with OLAP navigational operations.

2.2 Navigational Operations

Classical OLAP navigational operations can be used to explore CBSs, particu-
larly granularity operations, i.e. roll-up and drill-down, which enable to modify
the granularity level of the represented data. Roll-up consists in moving from a
detailed to a more aggregated level. In our context, it corresponds to the removal
of attributes from the schema of a CBS. Drill-down is the reverse of roll-up, it
consists in adding attributes to the schema. Fig. 2 shows a result of roll-up
performed on the CBS represented in Fig. 1 by removing Body.control.

Given two CBSs SC1,R and SC2,R of a rule set R, if SC1,R can be ob-
tained by performing a sequence of roll-up from SC2,R, then SC1,R is more
general than SC2,R and SC2,R is more specific than SC1,R. The CBS whose
schema is empty is the most general and CBS with the schema 〈Body.B1, ..., Bo-
dy.BI , Head.H1, ..., Head.HJ〉 where {B1, ..., BI} = {H1, ..., HJ} = A is the most
specific. Furthermore, the set of the possible CBSs is closed under the granu-
larity operations. Property 2 shows that any CBS can be reached with those
operations.
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Property 2 (Reachability). Given two distinct CBSs SC1,R and SC2,R of a rule
set R, there exists a finite sequence of granularity operations 〈O1, ...., ON 〉, i.e.
roll-up and drill-down operations, such that SC2,R = O1 ◦ .... ◦ ON (SC1,R).

In conclusion, OLAP navigational operations are well-adapted to explore CBSs.
In the next section, we show that some summaries are more suitable than others
to perform an effective analysis.

3 Generating an Interesting Cube Based Summary

In this section, we initially focus on the definition of a specific quality mea-
sure to evaluate the interestingness of the CBS. Then, we propose an algorithm
which finds an approximate solution of the most interesting CBS w.r.t. a quality
measure, in order to initialize the exploration of association rules.

3.1 Quality Measure

Given several possible CBSs, the user can hardly identify the most relevant one.
Therefore, he needs a measure to evaluate the quality of the CBSs. A quality
measure of a summary is a function φ that associates with every pair composed
of a rule set and a summary, a value in R. In our approach, a CBS is more
interesting than its generalizations since it provides more precision about the
rules of the set it summarizes. Thus, for assessing effectively the interestingness
of CBSs, a quality measure must satisfy the following property:

Property 3 (Monotony). Let φ be a quality measure. φ is monotone if, for any
CBSs SC1,R and SC2,R of a ruleset R, if SC1,R is more specific than SC2,R then
φ(R, SC1,R) ≥ φ(R, SC2,R).

Intuitively, if φ is monotone then the more specific the CBS is, the higher the
measure φ. Thus, it is easy to see that the quality of the most general CBS is
the smallest. Conversely, the quality of the most specific one is the highest.

Now, we propose a measure called homogeneity that can be used to evaluate
the quality of CBSs. Intuitively, the homogeneity reflects the similarity of the
rules covered by the same reference. The rules are similar if they have roughly
the same items in their head and their body.

Given a ruleset R whose rules are defined on A, let sj be a reference of
a CBS SC,R. The similarity between the rules covered by sj is evaluated by∑

ai∈I p(i, j) ln[pj(i)] where I is the set of all the items defined on an attribute
of A, p(i, j) = |{X ⇒ Y | (X ⇒ Y ∈ cov(sj , R)) ∧ (ai ∈ X ∪ Y )}|/|R| is
the joint probability that a rule of R contains ai and is covered by sj and
pj(i) = |{X ⇒ Y | (X ⇒ Y ∈ cov(sj , R)) ∧ (ai ∈ X ∪ Y )}|/|cov(sj , R)| is the
conditional probability that a rule covered by sj contains ai. The homogeneity
of SC,R w.r.t. R is given by (1).

H(R, SC,R) =
1
|A|

∑

sj∈SC,R

[
∑

ai∈I
p(i, j) ln[pj(i)]

]

(1)
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H(R, SC,R) is a Shannon conditional entropy weighted with the size of A. More
details on conditional entropy properties can be found in [17]. Furthermore, the
homogeneity satisfies Property 3. Its value is negative or null and it corresponds
to 0 for the most specific CBS.

For example, let us consider the item ai = yes and the reference sj =
〈nullC , yes, auto〉 of the CBS SC1,R that summarizes the rule set of Fig. 1
where C1 = 〈Body.control, Body.visibility, Head.control〉. Knowing that
cov(sj , R) = {r8, r9} with r8 : {yes} ⇒ {auto, stab} and r9 : {yes} ⇒ {auto},
we have p(i, j) = |{r8,r9}|

|R| = 2
9 and pj(i) = |{r8,r9}|

|{r8,r9}| = 2
2 . When we measure

the homogeneity of the CBSs SC1,R and SC2,R represented in Fig. 1 and Fig. 2,
respectively, we obtain H(R, SC1,R) = −0, 24 and H(R, SC2,R) = −0, 3. We ob-
serve that Property 3 is satisfied since SC1,R is more specific than SC2,R and
H(R, SC1,R) > H(R, SC2,R).

3.2 Algorithm for Finding an Interesting Cube Based Summary

This section aims at initializing navigation by automatically searching in the
space of the possible CBSs, an interesting one from which the user can be-
gin the exploration. The problem can be formulated as follows: given a set of
rules R extracted from a dataset of schema A and a quality measure φ, find
the most interesting CBS SC∗,R (w.r.t. φ) whose size is smaller than a fixed
threshold N. This problem is NP-complete. Its NP-completeness can be shown
by using the knapsack problem. Hence, we propose an approximate solution
computed with a greedy algorithm. We begin from the most general CBS SC0,R

where C0 = 〈〉 and we use granularity navigational operations to explore the
space of the possible CBSs. Recall that this space is closed under the granular-
ity operations. More precisely, we use the two following drill-down operations:

Algorithm 1. greedy CBS

Input: R {Set of rules}, A {The set of attributes}
and N {The maximal size of the summary}

Output: {A cube based summary}
1: C0 = 〈〉, i = 0 {Initializations}
2: repeat

3: i = i + 1
4: Ci = Ci−1

5: for all O ∈ {AddToHead,AddToBody} do

6: for all A ∈ A do

7: C = O(SCi−1,R, A)
8: if φ(R,SC,R) > φ(R,SCi,R) and |Ci| ≤ N then

9: Ci = C
10: end if

11: end for

12: end for

13: until φ(R,SCi−1,R) = φ(R, SCi,R)
14: return SCi,R
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AddToHead and AddToBody. Given an attribute A, AddToHead(SC,R, A) and
AddToBody(SC,R, A) consist in adding Head.A and Body.A in C, respectively.
The CBSs whose schema result from either AddToHead or AddToBody opera-
tions are more specific than SC,R. Therefore, their quality is better than H(R,
SC,R). In the worst case, they have the same quality as SC,R.

Algorithm 1 seeks an approached solution of SC∗,R. It consists in choosing at
each step i an attribute from A which will be added to SCi−1,R to obtain SCi,R.
The attribute retained at step i is selected such that the CBS SCi,R has the
greatest quality compared to the summaries obtained by adding one of the other
attributes of A (line 7 to 9). The addition of attributes stops when the quality
of the CBS obtained in the previous step cannot be improved.

4 Experimental Analysis

In this section, we study the performance of our proposed approach on bench-
marks. We use discretized datasets2 resulting from the UCI Machine Learn-
ing repository3. We perform our experimentations on generic bases of associa-
tion rules extracted with the ChARM4 [18] algorithm. Our summarization al-
gorithm is implemented in Java. All the experiments are executed on a computer
Intel dual core 2GHz with 2GB-memory and running Windows Vista. We
evaluate the summarization performance in terms of computation time and
homogeneity.

4.1 Runtime Performance

We conducted our first experiment using the data sets shown in the table in
Fig. 3. For each data set, we generate several rule sets by varying the support
level (minsup) where the confidence level (minconf) is fixed to 50%.

Fig. 3a reports the computation time of the CBSs generated with the maximal
size N = 50 w.r.t. the number of rules contained in the generic bases. We first
notice that the runtime does not exceed 120 seconds even if the rule set contains
more than 30, 000 rules. Moreover, the slope of the curves depends on the number
of attributes in A. The larger the number of attributes, the higher the slope of
the curve. For instance, the curve of mushroom has the greatest slope because
this dataset contains more attributes (23 attributes) than the others.

Fig. 3b plots the computation time of CBSs when their maximal size N
varies between 10 and 100. For this experiment, the rule sets are generated with
minconf = 50% and minsup = 25% for mushroom and zoo and minconf = 50%
and minsup = 15% for australian and vehicle. We observe that for all the
datasets, the computation time sublinearly increases with N . Indeed, in the
algorithm implementation, each attribute added by using an operation is not
tested again with this operation.
2 users.info.unicaen.fr/~frioult/uci
3 mlearn.ics.uci.edu/MLRepository.html
4 www.cs.rpi.edu/~zaki/software/

users.info.unicaen.fr/~frioult/uci
mlearn.ics.uci.edu/MLRepository.html
www.cs.rpi.edu/~zaki/software/
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minsup
|A| 5% 8% 10% 15% 20% 25% 30% 35% 40% 45% 50%
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Fig. 3. Execution time

4.2 Quality of the Approximate Solution

This section aims at evaluating the quality of our approximate solution. Thereby,
given a rule set R and a maximal size N , we compare the homogeneity of CBSs
resulting from 3 approaches:

– Greedy solution (greedy CBS): Our algorithm produces an approximate
solution.

– Optimal solution (exact): A naive algorithm enumerates all the CBSs in
order to return the optimal solution SC∗,R.

– Average solution (average): A naive algorithm enumerates all the sum-
maries in order to compute the average homogeneity (and the standard de-
viation) of the most specific summaries (not exceeding N references).

Of course, the algorithm that computes the optimal solution is very costly and
fails on datasets containing a large number of attributes. For this purpose, we
perform experiments on the sets of association rules mined stemming from small
datasets: cmc, glass and tic-tac-toe. The table in Fig. 4 details the number of
rules for each generic base according to the dataset, the minimal support and
confidence thresholds.

Fig. 4 plots the homogeneity of the three approaches detailed above (i.e.
greedy CBS, exact and average) for each generic base w.r.t. the maximal size of
the CBSs. Let us note that we also report the confidence interval of the average
curve. As expected, we observe that homogeneity logarithmically increases with
the maximal size N for the three approaches. This is because the more N in-
creases, the more the generated CBS is specific. Furthermore, we observe that
the homogeneity of our summaries is close to that of the optimal summaries
for all the experiments. Even if the threshold N increases, the distance between
the approximate solution and the optimal one remains moderate. In Fig. 4a,



Cube Based Summaries of Large Association Rule Sets 83

Dataset
cmc glass tic-tac-toe

|A| 10 10 10

minsup 8% 6% 5%

minconf 80% 50% 50%
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Fig. 4. Homogeneity of CBSs

we notice that for several values of N (e.g., 60 or 90), the homogeneity of our
summaries is even optimal. We also notice that the homogeneity of summaries
generated by greedy CBS is always greater than that of the summaries gener-
ated by average. More interestingly, our algorithm finds really relevant CBSs
(w.r.t. the homogeneity) because the homogeneity of greedy CBS is often above
the confidence interval.

5 Related Work

In the past few years, summarization of pattern sets has been addressed following
several approaches. Table 2 highlights some characteristics of the approaches
closest to ours [10,6,5,8,7,9] . We comment the table below.

Language of patterns and language of summary patterns: The considered patterns
in practically all the cited papers are itemsets, except in [9] where the authors
address the problem of summarizing association rules. Furthermore, the patterns
of the summaries generally belong to the same language as those of the initial
set. However, in [10] authors use pattern profiles which describe the itemsets
and approximate their support. In [9], the patterns of the summaries are class
association rules [14], i.e. association rules whose head are restricted to a class
item.

Coverage: The methods proposed in [10,6,7,9] produce summaries that cover the
entire set, i.e. each pattern is covered by at least a pattern of the summary,
contrary to other methods which provide summaries that approximately cover
the set of association rules [5,8]. The Summaries of the former methods are
summaries in the sense of definition 2.
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Table 2. Methods for summarizing sets of patterns

Reference [9] [6] [5] [10] [7] [8] Our method
P rules itemsets itemsets itemsets itemsets itemsets rules
S class rules itemsets itemsets profiles itemsets itemsets references

Regeneration no no patterns frequency frequency frequency no
Coverage entirely entirely partially entirely entirely partially entirely

Measure (�) no CG, IL NPC RE RE IL H
Representation no no no no no no yes

Navigation no no no no no no yes

P: Language of patterns S: Language of summary patterns
(�) CG: compaction gain, RE: restoration error, IL: information loss, H: homogeneity

NPC: number of patterns covered

Regeneration: The main objective of some approaches is to build summaries
so that they can be used to regenerate the original itemsets [5] or their fre-
quency [8,7,10] whereas the others are interested in the representation of the
patterns for future exploration [6,9]. Our approach is in the latter category.

Measure: Measures of restoration error [10,7] and information loss [8] are used
to evaluate the error generated when the frequencies of the patterns can be ap-
proximated from a summary. The measure used in [5] calculates the size of the
subset of patterns which are really covered by at least one pattern of the sum-
mary. In [6], the authors apply a measure called compaction gain to evaluate the
compression ratio of a pattern set w.r.t. its summary. They also use an informa-
tion loss measure to assess the quantity of information contained in the patterns
and absent from the patterns of the summary which cover them. The measures
which evaluate the regeneration error and the quantity of covered patterns are
not adapted to our approach. Indeed, the CBSs are not intended to regenerate
information and they always cover the entire pattern set.

Representation and navigation: Our approach enables to explore summaries rep-
resented with cubes by using OLAP operations. Contrary to us, the approaches
cited above don’t propose a representation for the summaries they build. Fur-
thermore, those approaches suffer from the lack of exploration techniques.

6 Conclusion

We have proposed in this paper a new framework to summarize large sets of
association rules. Our summaries, called Cube Based Summaries (CBSs) can
be represented with cubes and explored using OLAP navigational operations.
An algorithm is presented to generate an interesting summary w.r.t. a quality
measure of summary in order to initialize the rules exploration. Finally, our
experiments prove the feasibility of our approach.

We project to propose a generalization of our approach by using our summary
framework, in order to summarize other types of patterns. Furthermore, the
space of CBSs is not closed under the OLAP selection operations because they
produce portions of summaries. We aim to define a selection operation that
provides CBSs like granularity operations.
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