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Abstract.
inductive databases theory. This work extends XQuake \witdef-
inition of domain-specific constraints. An ontology is usedde-
scribe the domain knowledge. We give the main idea of the wwork
progress discussing its possibilities and advantages.

1 INTRODUCTION AND MOTIVATION

The use of constraints in a mining application has rapidiyobge a
challenging topic for research community. The aim is to finchdied
approach for the definition of eonstraint-based mining language
The use of constraints helps the analyst to model mininglenab
by specifying desirable properties of the mined patterhss fleature
involves several aspects. In fact, even when the ssdwfain-specific
constraintsis known, it is challenging to provide both a query lan-
guage for formalizing them and a system that can processyrap-
erties in an efficient way. For example, the extraction obesdion
rules implies the discovery of a large quantity of uselessstuAn
approach that permits to extract rules by specifying prigebased
on the analyst needs is required.

Our goal is the definition of a constraint-based languageeha
ables the specification of domain-specific constraints whth aid
of an ontology. Specifically, this paper proposes an extensi
XQuake [5, 6], a language and system for supporting compiex m
ing tasks out of XML data. Surprisingly, no previous work lzab
dressed the use of both ontology-based mining constraintsa the
same time, a coherent and uniform framework for represgiutita,

mining models, and the KDD process. Since XQuake already sup

ports the second aspect, we concentrate on its extensiofptess
domain-dependent constraints.

2 XQUAKE AT A GLANCE

XQuake is a language and system for programming data mimmig p
cesses over native XML databases, in the spirit of inductatabases
[4]. While we refer the reader to [5] for a detailed descoptihere
we summarize its main features as follow®: it satisfies the clo-
sure principle, since both data and mining models are repted

XQuake is a language for data mining inspired by the

The question now is, why the choice of a mining language out of
XML data? We provide three answe($. The amount of informa-
tion XML-coded is steadily growing(ii) XQuake takes advantage
of the XML philosophy also for representing the results @& thin-
ing process, according to the PMML standard [(ifj) Ontologies
represented as OWL [8] are de facto XML documents, and they ca
be used to describe a domain knowledge. This latter pointastly
what we introduce in the next section.

3 ASIMPLE APPLICATION SCENARIO

We propose a scenario involving a simple Market Basket Asisly
application inspired by our previous work [2]. The study ahe
strained association rule mining and constraint progrargrs well-
known in literature (e.g. see [3]). Here, we introduce a ngnlian-
guage for defining, in an uniform approach, both mining teeshd
domain-specific constraints on the extracted knowledge.

Application scenario. Let us suppose that a domain expert inves-
tigates for a future promotional campaign during the hglgdalhe
goal is to study the relation between the most frequent drjo-
moted in Easter, and the most frequent cakes promoted istGtas

in the past.

Input data. Data of a national supermarket has been translated from
a relational format (see [2]) to an XML format, stored in thaive
XML database of XQuake. An XML fragment of thdBA. xm doc-
ument is reported below.

<MBA> .
<store @d="id00193">
<pur chase_ @lat e="05/01/2012"> .
<item @ty="2" @rice="3.5">vodka | enon</itenp...
</ purchase>..
store>. ..
</ MBA>

Here, each<st or e> tag represents a sequence<gfur chase>
elements, each encoding our transaction. The attrigitg e de-
notes the date of that purchase. Each transaction is madieaupod
empty set of purchased items, encoded in¢h¢ en> XML ele-
ment. Two XML attributes denote the quantity and the pric¢éhat
item. The resulting XML database contains 775,000 traiwasand
about 30,000 distinct items.

Domain knowledge.We enrich our data with the domain knowl-
edge represented as an OWL document containing a desaoripftio
each item and their hierarchical organization. A fragmeinthe

in XML; (ii) it represents the KDD process in a declarative way, by; t ans. owl ontology is depicted in Fig. 1.

means of an XQuery [9] program extended with mining prineisiv
(iii) it permits to evaluate constraints via XQuery predicatét the

aid of a built-in library;(iv) the system architecture is conceived to

automatically capture the proprieties of such constrgts. mono-
tonicity and anti-monotonicity), to be used directly dgriime extrac-
tion of the mining model.
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Data constraints. Input data is filtered by considerin@ only pur-
chases made between th# December and thé** May and, (ii)
for each transaction, only the items having a total priee @t y *
@r i ce) greater than 5 Euros.

Simple knowledge constraints.We aim at extracting association
rules having exactly one item in the consequent, a minimuppeitd
of 0.5 and a minimum confidence 6f7.

Advanced domain-specific constraintsOur purpose is to extract



OWL:THINGS attribute val ue S: Transactions, items and dat a const raints specif. :)
hasCol our neutral . for data $trans in doc )/ store/ purchase .
as ) € @late > "01/01/ 20 2" and ate < 1/ 05/ 2012 ]
SUPERMARKET hasAl coholic hi gh 2. let group $item:= $trans/itenf @rice » @ty > 5.0
hasFl avour | emon g Donai n know ed?e speu fi K cation :)
‘ h ! !
asBrand Best . let supplenmentar
DRINKAND FOOD = o S e 70 cl (<dr|pﬁk>fl ocal yhasRec( Dri nk "Easter")}</drink>
\ : <cake>{[ ocal : hasRec(" Cake", " Chri st mas")} </ cake>}
DRINKS hasPrice EUR 7. 56
| hasPromotion — Christmas R TN A S S L_ﬁeni L y-body()
satisfies $v/drin i
VODKA 5. count (nf n: suppl ement ar ead )) =1 and
6. nf n: suppl emenP -head[ 1] / cake” and
neutral lemon 7 nfn:support() > 0.50 and nfn: confidence() > 0.70
8. return pmi

Figure 1. A fragment of the hierarchical structureiof ens. owl (left).

Data properties for "Vodka Lemon’ at the lower level (right) Figure 2. A possible implementation of the MBA scenario with XQuake.

association rules of the following form:
far as amodification of the domain knowled@gince we use special

constructs to traverse the ontology) and as far asntneduction of
different kinds of constraintésince we use XQuery predicates for
expressing them).

(i1 € EasterDrink) andit € Anyltem) and ... andi(, € Anyltem)=-
(in+1 € ChristmasCake) [supp] [conf]

where East er Dri nk (resp.Chri st masCake) is the class of
items that are drinks (resp. cakes) having an Easter (résst@as)
promotion, andAny| t emis the entire set of distinct items.

Our proposed solution.Among the plethora of languages for query-
ing RDF and OWL documents, we integrate in XQuake an adapta-
tion of [1], where, XQuery is employed for querying and redag
with OWL and RDF ontologies. This solution appears to be adg
to our purposes for two main reasons. First, since XQuakenest
XQuery with mining primitives, in turn, the implementatiaf an
extension of XQuery for querying OWL documents is quite iithte
to be used by the user. Second, this permits to maintain theijple
of closure that is at the basis of the inductive databasesythe

Fig. 2 provides a shapshot of the XQuake implementation, for,
further details see [5, 6] and [1]. The query is composed hy fo
parts. First, the set of transactions (i.e. #pr chase> elements)
is specified by thd or dat a clause (row 1). ltems of each trans-
action (i.e. the elementsi t en®) are defined in thé et gr oup
clause (row 2).

Second, thé et suppl enent ary clause is evaluated for each ACKNOWLEDGMENTS
frequent item (row 3). Here, a pair of XML elements are carcird
by using the user-defined function reported bétow

4 CONCLUSION

This work focuses on a general solution for XML data miningd a
more generally, for a data mining query language. The swiytro-
posed, even if at a preliminary stage, gives an additionakdnve-
ment, in terms of the definition of complex domain-specifin-co
straints. Our main advantages consist in a framework in kvbize
can define, in aexpressive declarative anduniform way, both the
KDD process and the mining constraints on the extracted lediye.
While the former aspect has been discussed in [6], this papes-
tigated the latter aspect. Basically, constraints areesgad through
XQuery expressions supported by a built-in library. Theposed
study can be refined in several directions. Here, we mentibntbe
exploitation of domain-specific constraints for other ldrod models,
such as sequential patterns and clusters.

This work was supported by the EU FET-Open project “ICON - In-
ductive Constraint Programming”, contract number FP77284

decl are function | ocal
as xs: bool ean {

: hasRec($cl ass, $prop)

let $ow := ow doc("items.ow") REFERENCES
return 2%%3%2:;%;2?% s?gdow nf rr]nc Int ie?(ez‘r{ ) $cl ass) [1] J. M. Almendros-Jiménez, ‘Querying and reasoning VRIDF(S)/OWL

$prop, "hasRecurrency")]
b
[2]
Third, thehavi ng clause operates on the output result (rows 4-
7). It contains an XQuery predicate that is evaluated foheained
association rule. Basically, it evaluates the requiregtaints onthe  [3]

domain knowledge defined at row.3

Finally, ther et ur n clause (row 8) is evaluated once, to return [4]
a PMML document containing the association rules satigfyhe 5]
constraints.

Flexibility. Itis important to note that our language is flexible both as[6]

2 |f the current frequent item (obtained through the built-in mining function

nfn:iten()) belongs to the superclassn the ontologyd, the built-in [7]
functionsw: hasSuper cl ass(d, i, ¢) returns true. The build-in func-
tion sw. hasProperty(d,i, p,v) returns true if, for the item, the [8]
data property has valuev in d

3 The nfn:suppl enentary-body() (resp. nfn:suppl enen- [9]

tary-head()) built-in function returns the domain knowledge
associated to the items of the body (resp. head) of the rule.
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