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Abstract. In the context of frequent pattern discovery, the availability

of concept hierarchies over objects of interest requires the development

of ad-hoc algorithms for dealing with multiple levels of description gran-

ularity. We present a novel framework that allows a uni�ed approach to

both relational and structural features of data. Patterns are intended as

unary conjunctive queries and ordered according to the relation of query

subsumption. A re�nement operator for searching these pattern spaces

is de�ned and eÆciently implemented in the candidate generation phase

of SPADA, a system for mining multiple-level association rules from spa-

tial data. Experimental results show a remarkable improvement of the

overall performance of the system.

1 Introduction

The design of algorithms for frequent pattern discovery has turned out to be

a popular topic in data mining. The blueprint for most algorithms proposed in

the literature is the levelwise method that is based on a breadth-�rst search in

the lattice spanned by a generality order between patterns [15]. The space of

patterns is searched one level at a time, starting from the most general patterns

and iterating between candidate generation and candidate evaluation phases.

Frequent patterns are commonly post-processed into rules that exceed given

threshold values. In the case of association rules [1], the measures of support

and con�dence o�er a natural way of pruning weak rules.

Most studies in association rule mining have focused on mining rules at sin-

gle concept levels, i.e., either at the primitive level or at a rather high con-

cept level. Yet concept hierarchies are a valuable kind of domain knowledge

to be exploited during the pattern discovery for two main reasons. First, it

is more likely to discover interesting rules at low concept levels than at high

ones. For instance, with reference to the concept hierarchy H1=fMilk < Food,

Bread < Food, LowFatMilk < Milk, ChocoMilk < Milk, WhiteBread <

Bread, WheatBread < Breadg over food items in market basket analysis, be-

sides �nding 80% of customers that purchase Milk may also purchase Bread,

it could be informative to show that 75% of people buy WheatBread if they
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buy LowFatMilk. The association in the latter statement, though it occurs

less frequently, carries more speci�c and concrete information than the former.

Second, large support is more likely to exist at high concept levels rather than

at low ones. E.g. suppose that the concept hierarchies H2 = fOuterwear <

Clothes; Shirts < Clothes; Jackets < Outerwear; SkiPants < Outerwearg

and H3 = fShoes < Footwear;HikingBoots < Footwearg are available. One

can notice that few people buy jackets with hiking boots, but many people may

buy outerwear with hiking boots. Thus the association involving the intermedi-

ate category Outerwear would not be discovered if the search for large itemsets

was restricted to the leaf-level of taxonomies. The need for ad-hoc algorithms

has been observed by many researchers. In [9] a top-down progressive deepening

method for mining multi-level association rules has been developed by extend-

ing the Apriori algorithm [1] for mining single-level association rules. A major

di�erence between this and others' proposals, e.g. [20], is the usage of di�erent

thresholds of support and con�dence for di�erent concept levels. The method

�rst �nds large itemsets at the top-most level and then progressively deepens

the mining process towards lower concept levels under the assumption that only

the descendants of frequent itemsets are worthy being generated. An adaptation

of this method to spatial association rule mining has been presented in [11].

Recent extensions of the levelwise method witness a growing interest in more

expressive languages for representing data and patterns. For instance, the system

WARMR supports the discovery of frequent Datalog patterns [4]. But although

it has been presented as a system able to use is-a hierarchies, WARMR is not a

system for mining multiple-level association rules because it lacks of mechanisms

for dealing properly with structural knowledge. In this paper, we present a frame-

work for frequent pattern discovery at multiple levels of description granularity.

In particular, we resort to AL-log [6] that allows a uni�ed approach to both

the relational and structural features of data. Patterns are intended as unary

conjunctive queries and ordered according to the relation of query subsumption.

This generality order is monotonic with respect to the evaluation function in

frequent pattern discovery, i.e. support, and yields to a downward re�nement

operator that performs the search for patterns both at the same granularity

level and at �ner granularity levels. We propose a graph-based implementation

of this re�nement operator. It exploits backward pointers to previous successful

search stages in order to speed up the discovery process. This new approach to

candidate generation is implemented in the latest version of SPADA, a system

for spatial association rule mining, and evaluated on spatial data of an Italian

province, thus updating results reported in [13].

The paper is organized as follows. Section 2 introduces the task of discovering

frequent multiple-level patterns. In Section 3, syntax and semantics of AL-log is

briey reported and adapted to the representation of data and patterns in the

context of frequent pattern discovery. Section 4 is devoted to the presentation of

the generality order for organizing spaces of AL-log patterns. An eÆcient imple-

mentation of a AL-log re�nement operator is discussed in Section 5. Concluding

remarks are given in Section 6.



2 The Mining Task

The distinguishing feature of the class of data mining problems of interest is

the availability of some taxonomic information T = fHkg1�k�m besides the

database r to be mined. It is noteworthy that each concept hierarchy Hk in

T can arrange its concepts fCh
k g1�h�nk according to its own range of concept

levels. Furthermore, data are typically available at leaf levels. This makes it

hard to generate and evaluate patterns that combine concepts belonging to dif-

ferent hierarchies. For the sake of uniformity, we map concepts to levels of de-

scription granularity whose number depends on the problem P at hand. Given

	 = f1; : : : ;maxlevel(P)g the set of levels of description granularity in P , a

granularity assignment is a relation  over Hk �	 . Concepts marked with mul-

tiple granularity levels are simply replicated along the hierarchy they belong

to, so that a layering of the taxonomy at hand is induced. We denote T [l] the

l-th layer, l 2 	 , of a taxonomy T . In Figure 1 a three-layered taxonomy T is

illustrated. All concept hierarchies in T have been rearranged according to the

three problem-de�ned granularity levels. For instance, the concepts C2

1
and C3

1

in H1 = fC
2

1
< C1

1
; C3

1
< C1

1
g have been assigned to both T [2] and T [3].
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Fig. 1. Assigning description granularity levels to concepts

A pattern is an expression in some language describing a subset of data or

a model applicable to that subset [7]. Given a taxonomy T , we denote by L[l]

the language of patterns involving concepts in T [l]. A pattern P 0 2 L[l0], l0 < l

(resp. l0 > l), is an ancestor (resp. descendant) of P 2 L[l] i� it can be obtained

from P by replacing each concept C that occurs in P with a concept D 2 T [l0]

such that C v D (resp. D v C). This correspondence between L[l] and T [l]

supplies means for getting both coarser-grained and �ner-grained descriptions

than a given pattern.

The problem P of mining multi-level association rules is formally de�ned as:



Given

{ a database r,

{ a taxonomy T ,

{ a set 	 of description granularity levels,

{ two thresholds, minsup[l] and minconf [l], for each level l in 	 ,

�nd strong multi-level association rules.

Thus patterns, then association rules, are evaluated by taking their own level

of description granularity into account. In particular, candidate patterns that

ful�ll the following requirements are retained:

De�nition 1. A pattern P 2 L[l] with support s is frequent if (i) s � minsup[l]

and (ii) all ancestors of P w.r.t. T are frequent.

Frequent patterns are post-processed into association rules.

De�nition 2. Let P;Q 2 L[l] be such that P � Q. An association rule in L[l]

is an implication of the form Q! (P nQ)(s%; c%), where s and c are called the

support and the con�dence of the rule.

De�nition 3. An association rule Q ! R(s%; c%) in L[l] is highly-con�dent

if c � minconf [l]. Furthermore, it is called strong if it is highly-con�dent and

Q [ R is frequent.

Support and con�dence are computed by means of the evaluation function �

that varies according to the chosen representation language.

3 Representing Data and Patterns in AL-log

AL-log is a hybrid knowledge representation language which integrates the de-

scription logic ALC [19] and the deductive database language Datalog [3]. A

fragment of it is actually used as a language for representing data and pat-

terns in our context. Thus we limit the presentation of AL-log to the features of

interest to this work.

3.1 Syntax

The system AL-log embodies two subsystems, called structural and relational.

The former allows one to express knowledge about concepts, roles and individuals

by resorting to ALC. The latter provides the user with a suitable extension of

Datalog in order to express relational knowledge.

The structural subsystem of AL-log is itself a two-component system. As for

the de�nition of the intensional part of an ALC-knowledge base, it consists of

concept hierarchies spanned by is-a relations between concepts. Syntactically,

they are expressed as inclusion statements of the form C v D (read "C is

included in D") where C and D are two arbitrary concepts. Intuitively, the



statement says that every instance of C is also an instance of D. As for the

de�nition of the extensional part of an ALC-knowledge base, we are concerned

with instance-of relations between individuals and concepts. Syntactically, indi-

viduals are symbols of an alphabet O and instance-of relations are expressed as

membership assertions of the form o : C (read "o is a member of C") where

o 2 O, and C is a concept. Intuitively, the assertion says that o is an instance of

C. Given a set T of inclusion statements and a setM of membership assertions,

the pair � = hT ;Mi denotes an ALC-knowledge base �.

The relational subsystem of AL-log allows one to de�ne Datalog programs

enriched with constraints of the form s : C where s is either a constant or a

variable, and C is an ALC-concept. Note that the usage of concepts as typing

constraints applies only to variables and constants that already appear in the

clause. The symbol & separates constraints from Datalog atoms in a clause.

De�nition 4. A constrained Datalog clause has the form

�0  �1; : : : ; �m&1; : : : ; n

where m � 0, n � 0, �i are Datalog atoms and j are constraints. Further-

more �0 and 9�1; : : : ; �m&1; : : : ; n are called head and body of the clause,

respectively. A constrained Datalog program � is a set of constrained Datalog

clauses.

Given an ALC-knowledge base � and a constrained Datalog program � ,

an AL-log knowledge base B is the pair B = h�;�i that satis�es the following

conditions:

{ The set of Datalog predicate symbols appearing in � is disjoint from the set

of concept and role symbols appearing in �.

{ The alphabet of constants in � coincides with O. Furthermore, every con-

stant occurring in � appears also in �.

{ For every clause in � , every variable occurring in the constraint part occurs

also in the Datalog part.

These properties allow us to extend the notion of ground substitution to con-

strained Datalog clauses. We call O-substitution a mapping � from the set V of

variables to the set O of constants (individuals) in an AL-log knowledge base.

Queries to AL-log knowledge bases are special cases of De�nition 4. In par-

ticular, unary conjunctive queries whose answer set contains individuals of an

ALC concept Ĉ of interest (key constraint) deserve special attention.

De�nition 5. Given a key constraint ̂ = X : Ĉ, an O-query Q to an AL-log

knowledge base B is a constrained Datalog clause of the form

Q = q(X) �1; : : : ; �m&X : Ĉ; 2; : : : ; n

where X is the distinguished variable and the remaining variables occurring in

the body of Q are the existential variables.



From now on we denote by key(Q) the key constraint, by head(Q) the head, and

by body(Q) the body of an O-query Q.

In our framework, data and patterns are represented as an AL-log knowledge

base and O-queries respectively. Patterns are generated starting from a set A

of Datalog atoms, a key constraint ̂, and an additional set � of constraints. In

particular by restricting � to constraints derived from T [l] (thus denoted � [l])

we de�ne the language L[l]. Furthermore, patterns must satisfy the properties

of linkedness [10] and safety [3]. These conditions of well-formedness guarantee

the correct evaluation of patterns.

Example 1. Let A=fintersects( ; ), adjacent to( ; )g and ̂ be the key con-

straint built on the concept LargeTown. Suppose that the concept hierarchies

H1=fMotorway v Road, MainTrunkRoad v Road, RegionalRoad v Roadg

and H2 =fSea v Water, River v Water, Lake v Waterg are assigned. Sup-

pose also that we are interested in descriptions at two di�erent granularity lev-

els. Thus the taxonomy T consists of the two layers T [1]=fRoad, Waterg and

T [2]=fMotorway, MainTrunkRoad, RegionalRoad, Sea, River, Lakeg from

which the sets � [1] and � [2] of constraints are derived. The trivial O-query

Q0 = q(X) &X : LargeTown

is valid for both L[1] and L[2]. The following O-queries belong to L[1]:

Q1 = q(X) intersects(X;Y ) & X : LargeTown, Y : Road

Q2 = q(X) intersects(X;Y ), intersects(X;Z) & X : LargeTown, Y : Road,

Z : Road

Q3 = q(X) intersects(X;Y ), adjacent to(X;Z) & X : LargeTown,

Y : Road, Z : Water

The following O-queries belong to L[2]:

Q4 = q(X) intersects(X;Y ) & X : LargeTown, Y :Motorway

Q5 = q(X) intersects(X;Y ), intersects(X;Z) & X : LargeTown,

Y :Motorway, Z :MainTrunkRoad

Q6 = q(X) intersects(X;Y ), adjacent to(X;Z) & X : LargeTown,

Y :Motorway, Z : Sea

Note that Q1, Q2 and Q3 are ancestors of Q4, Q5 and Q6 respectively.

Candidate evaluation is based on the computation of the answer set of a query Q

w.r.t. a AL-log knowledge base B. Before discussing issues of query answering,

we need to introduce the semantics of AL-log.



3.2 Semantics

In ALC-log knowledge bases concepts are interpreted as subsets of a domain.

More precisely, an interpretation I = (�I ; �I) consists of a set �I (the domain

of I) and a function �I (the interpretation function of I) which maps each

concept to a subset of �I and each role to a subset of �I ��I such that some

equations are satis�ed [6]. In order to assign a precise meaning to membership

assertions, the interpretation function �I is extended to individuals by mapping

them to elements of �I such that aI 6= bI if a 6= b. Such restriction ensures that

di�erent individuals denote di�erent objects in the domain of interest (see unique

names assumption [17]). Interpretations that are compliant with this restriction

are called O-interpretations.

De�nition 6. An O-interpretation I satis�es:

{ a concept C if CI is nonempty;

{ an inclusion statement C v D if CI � DI

{ a membership assertion o : C if oI 2 CI

{ a knowledge base � = hT ;Mi if it satis�es both T and M.

As for the semantics of an AL-log knowledge base B = h�;�i, it is notewor-

thy that the interaction between the structural and the relational part of B is

determined by the constraints speci�ed in the clauses of � . We call �D the set

of Datalog clauses obtained from the clauses of � by deleting their constraints.

We de�ne an interpretation J for B as the union of an O-interpretation IO for

� and an Herbrand interpretation IH for �D .
1

De�nition 7. Let B be an AL-log knowledge base. An interpretation J =

hIO; IHi is a model of B if IO is a model of �, and for each ground in-

stance ��0&0
1
; : : : ; 0n of each clause ��&1; : : : ; n in �, either there exists one

0i, i 2 f1; : : : ; ng, that is not satis�ed by J , or ��0 is satis�ed by J .

The notion of logical consequence paves the way to the de�nition of answer set

for O-queries. The reader is referred to [6] for an insight into query answering

mechanisms in AL-log.

De�nition 8. An AL-log knowledge base B logically implies an existentially

quanti�ed conjunctive formula F = 9�1; : : : ; �m&1; : : : ; n if there exists a

ground instance F 0 = �0
1
; : : : ; �0m&

0
1
; : : : ; 0n of F such that B j= F 0.

De�nition 9. Let B be a AL-log knowledge base. An answer to the O-query

Q is a ground O-substitution � for the distinguished variable. The answer �

is correct w.r.t. B if B j= body(Q)�. The set answerset(Q;B) contains all the

correct answers to Q w.r.t. B.

During candidate evaluation we are concerned with computing the support

of a pattern. This is de�ned as the ratio between the number of individuals in

Ĉ that satisfy the candidate pattern and the total number of individuals in Ĉ.

1 We assume the reader to be familiar with the Herbrand model-theoretic semantics

of Datalog [3].



De�nition 10. Let B be a AL-log knowledge base, P 2 L[l]. The support of P

with respect to B is de�ned:

�(P;B) =
j answerset(P;B) j

j answerset( bP ;B) j

where bP is the trivial O-query q(X) &X : Ĉ for L[l].

Further details of the evaluation function and also its relevance to candidate

generation are given in the next section.

4 Searching AL-log Pattern Spaces

In the levelwise method the space of patterns is searched one level at a time,

starting from the most general patterns and iterating between candidate gen-

eration and candidate evaluation phases [15]. The choice of the generalization

model for a space of AL-log patterns a�ects both its algebraic structure and,

as a consequence, the de�nition of re�nement operators to work on it. Since

patterns are represented as O-queries, we intend to characterize the test of gen-

erality between two patterns as a query containment (or subsumption) problem.

Given the schema of a database and two queries Q1 and Q2, we say that Q1 is

contained in (or is subsumed by) Q2 if in every possible state the answer set of

Q1 is contained in the answer set of Q2. This characterization turns out to be

pro�table in candidate evaluation.

Subsumption is the most important form of reasoning in DLs [5]. In contrast

to subsumption of concepts, subsumption of conjunctive queries has not been

extensively studied. In [12] it is treated as a special case of existential entailment

for ALCNR. We propose to extend generalized subsumption [2] to O-queries.

The approach is inspired by the hypothesis ordering proposed in [18] for learning

from interpretations in CARIN-ALN . The adaptation is correct since AL-log is

less powerful than languages in the CARIN family.

De�nition 11. Let Q1 and Q2 be two O-queries to an AL-log knowledge base

B. We say that Q1 subsumes Q2 i� (i) key(Q1) = key(Q2), (ii) head(Q1) =

head(Q2) and (iii) body(Q2) j=B body(Q1). Furthermore, Q1 is equivalent to Q2

if Q1 subsumes Q2 and viceversa.

The completeness and soundness of both existential entailment (proved in [12])

and forward chaining yields a complete and sound inference mechanism for check-

ing subsumption between two O-queries. Note that conditions (i) and (ii) of Def-

inition 11 are guaranteed in the case of O-queries belonging to the same language

L whereas condition (iii) poses an existential entailment problem.

Subsumption can be adopted to induce a generality order over pattern spaces.

De�nition 12. Let P;Q 2 L. We say that P is more general than Q, P � Q,

i� P subsumes Q. Furthermore, P � Q i� P � Q but Q � P does not hold.

Finally, P � Q i� P � Q and Q � P .



It can be easily proven that� is a quasi-order. Quasi-ordered sets can be searched

by re�nement operators [16].

De�nition 13. In a quasi-ordered set (L;�), a downward (resp. upward) re-

�nement operator is a mapping � (resp. Æ) from L to 2L such that 8P 2 L

�(P ) � fQ 2 L j P � Qg (resp. Æ(P ) � fQ 2 L j Q � Pg).

Furthermore it can be proven that � is monotonic with respect to the eval-

uation function �.

Proposition 1. Let B be an AL-log knowledge base and P and Q two patterns

in L. If P � Q then �(P;B) � �(Q;B).

From this proposition it follows that downward re�nement operators are of

greater help in the context of frequent pattern discovery. Indeed, they drive the

search towards patterns with decreasing support and enable the early detection

of infrequent patterns. Furthermore we are interested in downward re�nement

operators for searching multiple pattern spaces, each of which corresponds to a

di�erent level of description granularity within the same discovery task.

De�nition 14. Let P 2 L[l]. The (downward) AL-log re�nement operator �O
is de�ned by the following re�nement rules:

hLiti Add an atom � 2 A and related constraints  2 � [l] to body(P ).

h8Ci Replace each constraint j = X : C in body(P ) with a constraint 0j 2

� [l + 1] such that 0j = X : D and D v C.

The rule hLiti helps moving within the pattern space L[l] (intra-space search)

whereas the rule h8Ci helps moving from L[l] to L[l+1] (inter-space search). Both

rules are intuitively correct. Given any P 2 L[l], they act only on body(P ). Thus

conditions (i)-(ii) of De�nition 11 are satis�ed. Furthermore, it is straightforward

to notice that the application of �O to P reduces the number of models of P in

both cases. In particular, as for h8Ci, this intuition follows from De�nition 6. So

condition (iii) also is ful�lled.

From now on we call k-patterns those patterns that have been generated by

applying hLiti k times to the trivial O-query in L[l]. Under the assumption that

minsup[l] � minsup[l�1], l > 1, two pruning conditions for a multi-level search

space can be de�ned.

Corollary 1. Given an AL-log knowledge base B, a k-pattern P in L[l] is in-

frequent if it is subsumed by either (i) an infrequent (k � 1)-pattern in L[l] or

(ii) an infrequent k-pattern in L[l � 1].

Condition (i) requires to test the containment in queries at the same descrip-

tion granularity level (intra-space subsumption checks) whereas condition (ii)

demands for testing the containment in coarser-grained queries (inter-space sub-

sumption checks). Because of De�nition 1 the former are to be tested for each

level l, while the latter only for l > 1.



Example 2. Let us consider the portion of space encompassing the O-queries

listed in Example 1. Note that Q0 � Q1, Q0 � Q4, Q1 � Q2, Q1 � Q3,

Q1 � Q4, Q4 � Q5, Q4 � Q6, Q2 � Q5, and Q3 � Q6. In Figure 2 edges

indicate the direction of search according to the re�nement operator �O. For

instance the query Q4 can be obtained by applying either hLiti to Q0 or h8Ci to

Q1. Suppose now that Q4 is a frequent pattern. It is re�ned into Q5 by means of

hLiti. If Q2 was infrequent, Q5 should be pruned according to Corollary 1(ii).

Q0

Q6

Q5

Q4

Q3

Q2

Q1

    1                     2                     3             k

1

2

l

Q0

Q6

Q5

Q4

Q3

Q2

Q1

    1                      2                    3                k

1

2

l

Fig. 2. Search graph (left) and related graph of backward pointers (right).

5 Implementing the AL-log Re�nement Operator �O

In the levelwise method each search stage generates, then evaluates patterns.

Candidate generation consists of a re�nement step followed by a pruning step.

The former applies one of the two rules of �O to patterns previously found fre-

quent by preserving the properties of linkedness and safety. The pruning step

allows some infrequent patterns to be detected and discarded prior to evalua-

tion. Note that the pruning conditions of Corollary 1 require a high number of

subsumption checks to be performed. This makes candidate generation compu-

tationally expensive. So, we propose an implementation of the AL-log re�ne-

ment operator �O which uses a graph of backward pointers to be updated while

searching in order to keep track of both intra-space and inter-space search stages.

Figure 2 (right) gives an example of such graph, where nodes, dotted edges and

dashed edges represent patterns, intra-space parenthood and inter-space parent-

hood, respectively. Following backward pointers allows us to save much compu-

tational e�ort, more precisely, to capitalize on the computational e�ort made

when searching L[1]. Indeed a k-pattern Q is generated from a (k�1)-pattern P

in L[l], l > 1, by retrieving the result of the corresponding search stage in L[l�1]



and casting it to the level l of description granularity. This makes inter-space

subsumption checks and equivalence checks unnecessary.

Example 3. With reference to Example 2 note that the re�nement of Q4 into

Q5 via hLiti is performed by applying h8Ci to Q2. We emphasize that the inter-

space backward pointer from Q4 to Q1 enables the access to search stages of

success in L[1]. This assures that Q2 does not produce a certainly infrequent

pattern because of Corollary 1(ii).

This eÆcient approach to candidate generation has been implemented in

SPADA [13], a system for mining multiple-level association rules from spatial

data which can be considered an upgrade of [11] to Datalog-based representa-

tions. As mentioned before, association rule mining is usually performed in two

steps. Here we focus our attention on the �rst step, i.e. frequent pattern discov-

ery. The purpose of discovering spatial patterns is to detect associations between

reference objects and task-relevant objects in a given spatial database. The for-

mer are the main subject of the description. The latter are spatially related

to the former. Specifying these objects enables the application of an Apriori-

like algorithm. Indeed, task-relevant objects are like landmarks. They break the

continuity of space and de�ne "transactions" around reference objects. In our

context, a spatial pattern is a pattern P that contains at least one atom repre-

senting a spatial relationship. As usual in data mining, frequent patterns can be

presented in the form of rules by �ltering out those with low con�dence. We call

Q ! R a spatial association rule if Q is a spatial pattern. The problem P of

mining multi-level association rules in spatial data can be formulated as follows:

Given

{ a spatial database, a set S of reference objects and some sets Rk, 1 � k � m,

of task-relevant objects,
{ a taxonomy T involving objects in Rk,

{ a set 	 of description granularity levels,
{ two thresholds, minsup[l] and minconf [l], for each level l in 	 ,

�nd strong multi-level spatial association rules.

In the case of geo-referenced data each Rk is typically a map layer and the tax-

onomy T is a collection of spatial hierarchies to be exploited to get descriptions

of a given geographic area at di�erent granularity levels. Spatial hierarchies cap-

ture is-a relations among locations on the basis of their geometry. For example,

a problem instance {(P) is the discovery of associations between large towns (S)

and spatial objects taken from the layers of road network (R1), hydrography

(R2) and administrative boundaries (R3) in the Province of Bari, Italy. Prelimi-

nary experimental results on {(P) are reported in [13]. Another problem instance

and related results are illustrated in [14].

The implementation of �O within SPADA has yielded a new release of the

system. From now on we refer to SPADA 1.0 and SPADA 2.0 as the old and the

new release of SPADA, respectively. The evaluation of the new candidate gener-

ation mechanism has been conducted by comparing the performance of SPADA



1.0 and SPADA 2.0 on {(P) with thresholds minsup[1] = 0:3, minsup[2] = 0:25

and minsup[3] = 0:2. Table 1 reports quantitative results of this experiment

level by level (l) step by step (k). Each couple of slash-separated �gures indicate

the ratio between the number of frequent patterns and the number of candidate

patterns. No improvement is registered for frequent pattern discovery in L[1].

As search proceeds towards �ner description granularity levels SPADA 2.0 saves

more and more computational e�ort. Note that the number of candidate patterns

is one order of magnitude lower while the number of frequent patterns remains

unchanged. This ensures the correctness of our approach. Results of frequent

pattern discovery in L[2] and L[2] are emphasized in Figure 3.

Table 1. SPADA 1.0 vs SPADA 2.0: comparative evaluation.

SPADA 1.0 SPADA 2.0

L[l] k No. Patterns Time (sec) No. Patterns Time (sec)

1 2 3/3 27.69 3/3 27.47

3 3/33 3/33

4 8/24 8/24

5 8/122 8/122

6 30/104 30/104

7 35/644 35/644

8 132/715 132/715

2 2 3/3 328.73 3/3 7.08

3 6/54 6/10

4 18/48 18/18

5 25/360 25/45

6 96/325 96/101

7 114/2487 114/230

8 481/2322 481/558

3 2 3/3 246.78 3/3 14.56

3 9/93 9/18

4 24/72 24/30

5 21/666 21/130

6 81/273 81/98

7 89/2757 89/454

8 355/1946 355/416

6 Conclusions and Future Work

The trade-o� between eÆciency and expressive power is well known in the

database community. Yet, recent extensions of the levelwise method for frequent

pattern discovery witness a growing interest in more expressive representation

languages. In this paper, we show that eÆcient algorithms can be designed for



frequent pattern discovery in L[2]

0

500

1000

1500

2000

2500

3000

2 3 4 5 6 7 8

k

# P
at

te
rn

s #candidate patterns
(SPADA 1.0)

#candidate patterns
(SPADA 2.0)

#frequent patterns

frequent pattern discovery in L[3]

0

500

1000

1500

2000

2500

3000

2 3 4 5 6 7 8

k

#P
at

te
rn

s #candidate patterns
(SPADA 1.0)

#candidate patterns
(SPADA 2.0)

#frequent patterns

Fig. 3. SPADA 1.0 vs SPADA 2.0: frequent pattern discovery in L[2] and L[3].

discovering frequent patterns at multiple levels of description granularity. In par-

ticular, we have proposed an approach to candidate generation which is based

on backward pointers to be updated while searching.

For the future we plan to investigate the properties of �O and the impact

of granularity assignment on experimental results. Other issues, such as visual

representation of knowledge at multiple levels, should also be studied in depth.

Furthermore, with the advent of data warehousing and OLAP technologies, ar-

ranging data at multiple levels of abstraction has become a common practice and

given raise to new applications [8]. It would be interesting to extend our method

in this direction.
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