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A Framework For Integrating Ontologies And Patter n-Bases

Abstract

Pattern Base Management Systems (PBMS) have beeduned as
an effective way to manage the high volume of pastavailable
nowadays. PBMS provide pattern management fundtipma the
same way where a Database Management System s alatke
management functionality. However, not all the astied patterns are
interesting; some are trivial and insignificant &ese they do not
make sense according to the domain knowledge. Tihasder to
automate the pattern evaluation process, we neleddgporate the
domain knowledge in it. We propose the integratb”RBMS and
Ontologies as a solution to the need of many sfiefields for
efficient extraction of useful information from ¢gg databases and the
exploitation of knowledge. In this chapter, we ddsethe potentiality
of this integration and the issues that shoulddresiclered introducing
an XML-based PBMS. We use a case study of datangniover
scientific (seismological) data to illustrate threposed PBMS and
ontology integrated environment.
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INTRODUCTION

In theKnowledge Discovery from Dat&DD) process, Data Mining techniques
are used to find patterns from a large collectibdata (see Data Mining step in
Fig. 1). The role of the domain experts in this processucial. Their knowledge is
used in early stages to prepare data (i.e. to ddoitthe data cleaning and
preparation) and to choose the appropriate parasietethe data mining
algorithms. Their contribution is also necessaniie evaluation and
interpretation of the extracted patterns that keathe generation of knowledge
(Fayyad, Piatetsky-Shapiro, & Smyth, 1996).
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Fig. 1. The KDD process

In essence, extracted patterns are used from derpérts to explore new
relations on data, evaluate theories on the fieldterest, and discover unknown
and hidden knowledge that will lead to new expenta@and theories. However,
some of the extracted patterns are consideredltavid some others insignificant,
according to the domain knowledge. To evaluatesetdd patterns experts have
defined a lot of different, either objective or gdtive interestingness measures
based mostly on statistical properties of the pagteNevertheless, analyzing and
assessing the usefulness of discovered patteaniglisrious task and is
considered a hard problem (Piatetsky-Shapiro, 2000)

Two important issues raise here. The first referthémanipulation and
management of the patterns in a unified wather they have been evaluated or
not. Currently, the majority of the available dataing tools support the
visualization of patterns, and in the best caseg®in relational tables.
Combined with the characterization of patternsasplex, compact and rich in
semantics representation of data (Rizzi et al.3p08is issue raises the challenge
for pattern management. In this context, we propos¥ML-based Pattern Base
Management System (PBMS) for representing, stogaogrying, indexing and
updating patterns. This system is data mining engidependent, supporting
interoperability and exchange of patterns betweteardnt pattern bases.

The second issue is related to itheorporation of the existing domain knowledge
in the Data Mining processnd especially in the pattern evaluation phase.
Several statistical and interestingness measukeshbeen proposed for the
evaluation of patterns (Piatetsky-Shapiro, 199&jt&s, 1999; Silberschatz &
Tuzhilin, 1996; Piatetsky-Shapiro, & Matheus, 199)ese measures are applied
either before or during the data mining processhénfirst case, they are used to
reduce the number of patterns that will be extchetad to speed up the data



mining process, while in the evaluation phase, treyused to clean up the
patterns considered insignificant.

Nevertheless, no such measure for pattern evatugtiefficient enough as the
domain expertise itself. Domain experts can bettatuate the patterns and
decide whether they are trivial or not. It is tleeiuwho will distinguish
interesting rare occurrences of patterns fromsitedil noise using his/her
background knowledge (Pohle, 2003). In order tomate the pattern evaluation
process, we need to incorporate the domain knowl@dd. It is generally
acceptable that domain knowledge can be represeffie@ntly using ontologies
(Pohle, 2003). Amntologyis a specification of a conceptualization, a deson

of the concepts and relationships that can exisaricagent or a community of
agents (Gruber, 1993).

We argue that domain knowledge expressed with ogiesd could function as a
filter in the evaluation phase of the KDD procd3stterns extracted from data
mining algorithms would be first evaluated withpest to the ontology. Patterns
that contradict to knowledge widely accepted adogrtb the ontology provided
(hereafter, calledrioisy’) will be marked as possibly invalid. Whereas, eguable
patterns, will be further evaluated by the domaipest and, if recognized as
useful knowledge, the ontology could be updateid¢orporate these new
patterns (of course, domain experts might reconsigeontology by
adding/removing relations, associations etc). is ¢tase, priority is given to
patterns considered interesting, at the same toheanflicting with well
established beliefs. This approach could reducedikein terms of running time
of the data mining algorithm and the effort of demain expert to evaluate the
discovered patterns. Note that “noisy” patternsnaaeked as invalid and are not
being discarded unless user wishes so. Thus thgedémdrop really useful
knowledge is quite limited.

Towards the purpose of incorporating the domainkadge in the evaluation
phase of the Knowledge Discovery process, we peposintegration of the
PBMS with ontologies that describe the field oknaist. In the following sections
we will analyze each issue separately and we watutss the various challenges
and problems that have to be faced consideringlaase study from the
seismology domain.

The outline of this chapter is as follows: The tethwork on pattern management
and data mining using ontologies is presentedcti@e2. Section 3 discusses the
need for pattern evaluation using domain knowlatigeugh a case scenario and
the ontology for that scenario. The proposed ogigienhanced PBMS along
with a preliminary validation study are presentedéctions 4 and 5, respectively.
Section 6 summarizes the conclusions and gives fonfuture work.

RELATED WORK

In the following paragraphs, we review the backgibliterature in the areas of
pattern management and ontology-aware data mining.



Pattern Management

Domain experts are interested in patterns extrdobea large datasets. Patterns
are of great importance because unlike the origlatd, they are compact and
they represent knowledge hidden in data. Therefatterns should be stored,
queried, compared and combined with previouslyaetéd patterns in an efficient
and unified way. As more and more patterns ardatai there is an emerging
need for a pattern base management system nowaaay®fforts have been
made to store and manage patterns, including Rrezlidlodel Markup Language
(PMML, 2006), Common Warehouse Model (CWM, 200Q)LAMM-DM

(2001), JAVA Data Mining API (JDM, 2003). Most deaith pattern storage,
using relational tables or XML documents. PMMLhg tmost popular approach,
as it represents patterns (data mining modelsuinifeed way. A review of these
approaches in relation to pattern management céoubpel in (Catania &
Maddalena, 2006). These approaches deal with cond@anmining patterns and
do not provide pattern management functionalities.

Two research projects (funded by the European Camtg)thave dealt with the
pattern management problem in a more general vaagety Consortium on
Discovering Knowledge with Inductive Queries (CINZDO1) and Patterns for
Next-generation Database Systems (PANDA, 2001) Tikbased on the
inductive database approach and assumes thatnsasted data are stored in the
same database, while PANDA assumes that pattegrst@ed in a different
database than raw data, the pattern base. Reegnthtotype PBMS that was
based on the PANDA pattern model, called PSYCHG een presented
(Catania, Maddalena & Mazza, 2005). PSYCHO mandifesent types of
patterns in a unified way and it is developed wplecific tools over the object-
relational Oracle DBMS.
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PSYCHO architecture is shown in Fig. 2. The syseeoomposed of three
distinct layers. The physical layer contains bb#Rattern Basehat stores
patterns and thBata Sourcehat stores raw data from which patterns have been
extracted. The middle layer, calleBMS Engingsupports functionalities for
pattern manipulation and retrieval (pattern storage querying). The external
layer corresponds to a set of user interfacesdkhahd a GUI) from which the
user can send requests to the engine and impaottedata in other formats.

Our proposed ontology-enhanced PBMS, which wilplesented below, is
independent from the data mining engine and usek X\store patterns in the
pattern base. In addition to the pattern managepyerations, it provides pattern
filtering functionalities using ontologies to autata the pattern evaluation step.
The efficient management of patterns extractedgudata mining techniques as
well as user-defined patterns is very importantdimmain experts in evaluating
patterns. Patterns can be stored and retrieve@lhssvwcompared to find
similarities between them. Further analysis ofghttern base management
systems is beyond the main scope of this chaptere ihformation about PBMSs
can be found in (PBMS, 2006).

Data Mining Using Domain Knowledge

Until recently, although the importance of knowledganagement was widely
known, limited research has been devoted to igesili pattern analysis and the
accumulation of discovered knowledge with prior wiexige (Pohle, 2003).
Regarding the use of domain knowledge in the dat@ngnprocess only a few
related approaches can be found. Domain knowledgde applied in the data
mining process in three different ways. In the ppepssing step (to prepare the
data to be mined), during the data mining procéata(mining algorithm is using
the domain knowledge to decide about the next ste@fter the data mining
process (to evaluate the extracted patterns).

Considering the first way, X. Chen, Zhou, ScherliG&ller (2003) propose using
an ontology as a concept hierarchy to prepare deapb@ data for association
rule mining. In some tuples of the demographic loia$a there are values from a
lower level of the hierarchy while in other tuplesthe same column, there are
values from higher levels of the hierarchy (forreyxde the value “basketball” and
the value “recreation sports” that are found dedént levels in an interests
hierarchy). By replacing the values of lower lewgth values at a higher level
(raising), the authors show that the rule supoiricreasing and thus, more rules
can be found.

Several papers can be found about how some integasss measures (either
objective or subjective) are used to evaluate eté¢thpatterns. Objective
interestingness measures are based in statigtivatidns. In (Piatetsky-Shapiro,
2000) basic principles of objective rule interegtiass measures are defined,
while in (Freitas, 1999) a comparison of objecfiverestingness criteria can be
found. In contrast with objective interestingnessasures, subjective measures
try to take into account individual conditions béthuman analyst. A general
discussion can be found in (Silberschatz & Tuzhili®96), while (Piatetsky-



Shapiro, & Matheus, 1994) and (Padmanabhan, & Tinzi998) attempt to
address this problem. All these approaches praviday to evaluate patterns but
do not make use of the domain knowledge.

There are also few attempts using domain knowleédg®aprove evaluation of
extracted patterns. Domain knowledge in the forroasfcept hierarchies can be
used to improve Web mining results (Pohle & Sptiolou, 2002), while an
interestingness analysis system that requiresgdbeta express various types of
existing knowledge in terms of a proprietary speatfon language is presented in
(Liu, Hsu, S. Chen, & Ma, 2000). These approacleesset domain knowledge,
but their disadvantage is that they require the tespreviously provide his/her
knowledge in a specified and narrow form, accordnthe application each time.
In order to incorporate domain knowledge in dataing and to allow conceptual
model sharing in domains, the use of ontologieeessary (Maedche, Motik,
Stojanovic, Studer, & Volz, 2003). An applicatiohusing ontologies before,
during and after the data mining process is theppesented by Hotho, Maedche,
Staab and Zacharias (2002), in which authors usdamies and Information
Extraction technologies to improve text mining altfons and pattern
interpretation.

Our system uses ontologies to improve the patteatuation step and querying
the pattern base. During the evaluation step, b based on the provided
ontology and parameters that have been defined tlherdomain expert, filters
the patterns and marks as “noisy” patterns thatraditt to domain knowledge.
Domain expert can then discard or further evaltiegen. The system will also use
the filtering mechanism to prevent a naive useury the pattern base for
“noisy” patterns.

PROBLEM DESCRIPTION

Various examples indicating the need for integrabbdomain knowledge and
data mining can be found, however, dealing witemsitiic data is more efficient
mainly because domain experts in these areas Kmawdata in intimate detail
(Fayyad, Haussler, & Stolorz, 1996). In this settwe present a real case study
of mining seismological data to illustrate the o$a PBMS and ontologies in an
integrated environment for pattern management satliation.

A Case Scenario From The Seismological Domain

Let us consider a seismological database contamstgrical data about
earthquake events (Theodoridis, Marketos, & Kalage?P004). Such a database
would include information about the event (magntuidtitude / longitude
coordinates, timestamp and depth), the geograpbasation of both the
earthquake epicenter and the affected sites timatiguas world in disjoint
polygons), as well as details about the fault(iteel with the event. Additionally,
our database includes demographical and othemnafbon about the
administrative partitions of countries, details atihe geological morphology of



the areas of various countries and macroseismicrirdtion (intensity, etc)
(Theodoridis, Marketos, & Kalogeras, 2004).

Seismologists use the database to store the ddédaavarehouse to aggregate
and analyze them, a knowledge base to store dodareltected by various
sources, and a tool to define ontologies to repitebe domain area. Furthermore,
they are interested in discovering hidden knowle®gterns produced by the
KDD process are evaluated and stored in a PBMSidDbly, if the above
“islands of information” are not integrated undesiagle tool then the maximum
value of the stored information could not be ugiiz The researcher is interested
in posing a number of questions, perhaps havinige® about which tool to use
to get the answers. Some query examples are:

- Query 1 Find the average magnitude and the max deptthéearthquakes
happened in the North Adriatic Sea (or in a paldicgeographical area) for the
decade 1994-2004.

- Query 2 Is there any information about the earthquakeimarm recorded
intensity when | know that the depth of the epieeind over 60 km and the
geology of the site is characterized as rocky?

- Query 3 Find similarities in shock sequences (a main khibat follows pre-
shocks and is followed by intensive aftershockgpeaed in Greece during 2004.

Query 1 can be easily answered by a data-warehmirsg the average and the
max function on the appropriate earthquake datary2 can also be easily
answered using a decision tree. In case such sidet¢ree model (pattern) has
not been already stored in the PBMS then an apiateplassification algorithm
can be applied on the data. Query 3 is more clatlgrsince it requires the
incorporation of more advanced domain knowledgéh@)specification of the
similarity measure and b) the definition of the gheequence by the domain
expert.

It is clear that Query 3 requires a lot of pre-gs8ing work to be done by the
seismologist in collaboration with a database astaljierarchies and rules about
seismological concepts and data have to be defigéate a data mining
algorithm is applied. Furthermore, even when pastarre produced and stored in
the PBMS some more post-processing work (simildnéopre-processing step)
has to be done in order to extract the appropiddemation. The seismologist
may have already represented the required knowlesigg ontologies, their
integration into the PBMS could resolve the abongbems.

On the other hand, other queries , such as:

- Query 4: Find any relation between earthquakemtagde and average
temperature of the area around the epicenter darnetpted time period.

- Query 5: Find any relation between earthquakemtage and season of the
year.

can also be posed by a naive (i.e. non-expert)arseanswered applying data
mining tasks while semantically unacceptable (f@meple, seismologists do not



recognize any relation between either earthqualgnimade and surface
temperature or earthquake magnitude and seasbe getr). Although, the data
mining engine could return results regarding thretaions, a domain expert
would definitely discard them.

Nevertheless, such a filtering is nowadays doneualfnat a post-processing
step. Exactly this is the contribution of the irreg@d ontology-enabled PBMS we
propose: to filter out “noisy” patterns efficieniliye. online without the need of
post-processing) and effectively (i.e. with a giyadjuaranteed by the ontology-
filter).

Domain Knowledge Using Ontologies

One of the challenges in incorporating prior knalgle in the Knowledge
Discovery process is the representation of the dokrewledge. Ontologies are
useful in providing the formalization of the degtion of a domain. They are
considered as the explicit specification of a cptaalization (Guarino &

Giaretta, 1995). Using ontologies, hierarchiesarfaepts, constraints and axioms
can be defined. In other words, ontologies pro@ad®main vocabulary capturing
a shared understanding of terms.

To represent the seismological domain, we choas&tlygested Upper Merged
Ontology (IEEE Standard Upper Ontology) (Niles &aBe, 2001), the Mid-Level
Ontology (Niles & Terry, 2004) and, finally, an otdagy for representing
geographical information all available at (SUMON Apper ontology is limited

to concepts that are meta, generic, abstract togamhical, and hence are general
enough to address (at a high level) a broad rahderpain areas. Concepts
specific to particular domains are not includedmupper ontology, but such an
ontology does provide a structure upon which omfiel® for specific domains
(e.g. medicine, finance, engineering, etc.) candrestructed. A mid-level
ontology is intended to act as a bridge betweemidie-level abstractions of the
SUMO and the low-level detail of the domain ontaésgwhich in our case is the
geography ontology. The following schema is basethe above ontologies (Fig.
3).
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Fig. 3. A subset of the SUMO for seismology




Obviously, the above figure does not representlttmiverse of Discourse”, but is
a part of the geography ontology related to seisgollt is clear that using
ontologies, horizontal relationships between cotsepn be defined (Pohle,
2003). For instance, in the domain of seismologyehs such a relationship
between seismology and geology (faults). This igartant as the patterns that are
stored for each domain in the PBMS, can be combuafieding more complete
querying and visualization capabilities to the user

INTEGRATION OF ONTOLOGIESIN THE KDD EVALUATION PHASE

The system we propose provides both naive userd@ndin experts
functionalities for efficient pattern managemend @attern evaluation using an
ontology discarding the non-useful patterns and tmproving the performance

of the data mining tasks and the query answerimy the pattern base. The
system is able to evaluate patterns before, damajafter the data mining
process, as well as every time a user poses a tudrg pattern base. The system
architecture is depicted in Fig. 4.
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Fig. 4. The proposed ontology-enhanced PBMS architecture

Independent from data mining engine, the PBMS sttire extracted patterns in
an XML pattern base. We choose XML for patternageras it performs better
than Relational and Object-Relational models (Kaksis, Ntoutsi, &
Theodoridis, 2005). The pattern model used istiberetical model defined in
PANDA project (Rizzi, et al., 2003) enhanced tosup pattern temporal



validation and semantically related pattern clasSes extended model defines
four logical conceptfattern typepattern classandsuperclass.
More specifically, eacpattern typecontains metadata information about:

¢ the data mining algorithm applied to extract thégyas it represents and
its parameters,

the date and time of the data mining process,

the validity period,

the data source,

the mapping function, and finally,

information about the structure and the measurdseopatterns it
represents.

Patterns are instances of pattern types. In our Xkthitecture, pattern types are
the XML Schema for a pattern (XML document). Thégra document contains
metadata about the data mining process as wedleggdtterns extracted by that
process. For example, an association rule pattstance and its pattern type are
shown in Fig. 5 and Fig. 6, respectively.



<pt_assocRule xmins:xsi="http://www.w3.0rg/2001/XBithema-instance" name="assocRule" pt_descr="asewcia|
rules" pt_id="1" xsi:noNamespaceSchemalocation=agsocRule.xsd">
<pt_metadata>
<algorithm>apriori</algorithm>
<parameters>min_support=0.1,min_conf=0.4,rules#iframeters>
<source>select * from earthquakes</source>
<date>2006/04/12 13:03:34</date>
<validity>2006/06/12 13:03:34</validity>
<mapping_function>{{'depth’, ‘magnitude’, ‘seasdnc transaction}

</mapping_function> </pt_metadata>
<patterns>
<pattern p_id="1">
<structure>
<body>
<attrib>depth</attrib>
<attrib_value>0-1</attrib_value>
</body>
<head>
<attrib>magnitude</attrib>
<attrib_value>(3,4]</attrib_value>
</head>
</structure>
<measures>

<measure_name>support</measure_name>
<measure_value>0.18</measure_value>
<measure_name>confidence</measure_name>
<measure_value>0.67</measure_value>

</measures>
</pattern>
<pattern p_id="2">
<structure>
<body>
<attrib>season</attrib>
<attrib_value>Autumn</attrib_value>
</body>
<head>
<attrib>magnitude</attrib>
<attrib_value>(3-4]</attrib_value>
</head>
<[structure>
<measures>

<measure_name>support</measure_name>
<measure_value>0.18</measure_value>
<measure_name>confidence</measure_name>
<measure_value>0.58</measure_value>
</measures>
</pattern> </patterns> </pt_assocRule>

Fig. 5. Association rule patterns, XML example
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Apart from thepattern typeandpatternconceptsclassis defined as a set of
semantically related patterns of the same patygua tA class is defined by the
user to group patterns that have a common meanisdp@ong to a specific
pattern type. Each pattern may belong to more timendifferent classes. For
example a user could define a class containingcegsmn rules related to seismic
activity in the summer of 2003. This class wouldtain a lot of patterns that may
belong to different association rule mining reseits but it will have the same
meaning for the user. Fig. 7 illustrates the pattese logical model.
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Fig. 7. Pattern Base logical model

Furthermore, the concept sdiperclasss defined, which is a set of classes,
probably of different pattern types. Thus, pattdye®nging to different pattern
types can be grouped together. For instance, anight want to group all
association rules related to seismic activity | shmmer of 2003 and the clusters
of faults that gave earthquakes of magnitude M>&duhe same time period.
The link between the two types would be the magieitof earthquakes. In other



words, we are interested in studying the relatielwieen earthquakes and
geological faults, thus the grouping of classediféérent pattern types is

necessary.
Superclass
(rules, clusters)

Class 1
(assocRules)

AssocRules 1 AssocRules 2

Fig. 8. Class and Superclass relation

Ontologies are stored in external files and arétevriin OWL (Horrocks & Patel-
Schneider, 2003). Regarding association rule mjrargeneral rule that can be
used to evaluate patterns with ontologies, isla#terns should associate
attributes that belong to the same class or tolasbes of the same class.
Reasonably, association of attributes belongirgjffierent classes (in the
ontology-hierarchy graph) or in classes that avers¢ nodes away in the
ontology diagram might result in false associatiohsrelevant (according to
domain knowledge) attributes. Edge-distance andrapproaches have been
already proposed for searching semantic similééyveen objects in an
ontology. Such measures can be used to assesdaher between two attributes.
This implies that the user can select the leveéldvance between the attributes,
defining the maximum distance that a class can frave another in the ontology
graph.

The task of defining the rules that will be usedilter the patterns to be extracted
involves the study of the ontology as well as tiuglg of the pattern type and the
results that users anticipate. Ontology componamslasses, attributes and
relations between them. Classes have subclassesahdlass may have a
number of attributes. Usually classes for relatmacepts, belong to the same
parent class while not related concepts are untfereht classes. The whole class
and subclass diagram, define a kind of hierarchly warious levels of detail. For
example, classes “VolcanicEruption” and “Earhtreh{ely. 3 lie at the same
level, while their subclasses “volcanicGasReleasel “AfterShock” lie at lower
level.

As each pattern has different structure, filtersefeery pattern type have to be
defined. Specifically for the Association Rule patttype, we define the
Association Rule Filter. Each part of the rule eams attributes (depth, magnitude
etc) that are related in the relational model,adsib related in some way in the
ontology. Thus, we can define for each rule a distametric between the main
earthquake clasgérth tremoj and the nodes of the attributes contained in the
rule. The shorter this distance is, the more théates are semantically related.



In fact, we can define two approaches to measisalistance: in the so-called
“Risky approach, we consider the maximum distance betwle® nodes of the
attributes and the main earthquake class, whengae iNot Risky, we consider
the minimum distance between them. Obviously, théates of the earthquake
class have distance=0 and thus there are not tlundthis calculation.

A user selects the level of semantic relevanceplegif/ing the maximum
distance of the nodes from the main earthquakes.clas instance, one may be
interested in finding relationships not just betwége attributes on an earthquake
but also between them and geological faults. Tthgslevel of semantic relevance
has to be increased so as to include the apprepraate.

With the above described process, a subgraph afrttedogy that contains the
attributes under consideration is constructedilttes of the produced rules are
validated against this ontology subgraph. If al mcluded in the subgraph then
the association rule that contains them is conedlas semantically valid.
Otherwise, if some of the attributes are not inghiegraph, the rules containing
them are marked as “noisy”. Note that the systeasadmt reject “noisy” rules
(although there is such an option) as they mightaia previously unknown
knowledge about the relations of some attributed,thus domain expert’'s
attention is required. Some rules can lead to mevesting relations and domain
experts might reconsider the ontology.

Since the ontology represents the domain of inteitdsas to be well designed. In
this way, pattern evaluation can be more accuradenzay give useful results to
domain experts.

PRELIMINARY VALIDATION STUDY

In this section, we use the example from seismotimgyain and the ontology
defined in sectiodomain knowledge with ontologiés describe system
functionality. The system performs a validatiort tesfore the data mining
process, checking if the user defined parameteke manse. For example, a user
could ask the system to perform the Apriori aldontto find associations
between the “magnitude” and the “date” of an earéthg. As mentioned in
section 3.2 this association is not acceptabldbyseismology domain and thus
the system will suggest the user to change therpeas. If the user does not
specify the attributes that he/she wants to sdarciissociations, the system will
perform the data mining algorithm using all atttésibut, when generating the
frequent itemsets, it will discard itemsets thattem values from attributes not
related in the ontology. In this way, the time aomgng phase of frequent itemset
generation will be improved and no irrelative asatian rules will be generated.
Of course, this is not always desirable as sonszesting rules might not be
generated. In this case the user should decidbdse rules. So, it is given as
option to the user either to enable the systenutionaatically discard them or just
to mark the “noisy”ones for further evaluation the latter case, the user decides
which rules are interesting and should be stordbegattern base.

Another case is when a user is posing a queryetpdlttern base to retrieve
patterns for example “fetch association rule pagi¢hat contain both “season”



and “depth” attributes and the support of the rsiigreater than 0.3”. Such rules
are not valid according to the domain knowledge thog the system notifies the
user that it is rather impossible to find rulelikose in the pattern base.

In our first experiments, we ran the Apriori datanimg algorithm implemented in
WEKA (Witten & Frank, 2005) to extract some asstoiarules using real
macroseismic data collected by the Greek InstiéitBeodynamics (Seismo-
Surfer). Attributes such as earthquake depth, sityrsite, date and season of the
year are some of the attributes of the table thatasns 10336 tuples for the
earthquake events during thé"2entury. Table 1 lists 25 out of 70 rules
extracted by Apriori confidence threshold = 30% aongdport threshold = 10% are
listed in Table 1.

Table 1. Association rules extracted from seismologicahdat

id | Association Rule Confl. Supp.
1 | intensity>5 —distance<80 74% 19%
2 | weekDay=Tuesday, 11<depth<20 — season=Sumrer 71% 10%
3 | weekDay=Tuesday — season=Sunmer 71% 17%
4 | weekDay=Monday — season=Spring 68% 10%
5 | season=Sunmer — 11<dept h<20 65% 21%
6 | weekDay=Sat urday — 21<dept h<50 62% 12%
7 | dept h>50 — season=Spri ng 60% 11%
8 | di stance>150 —intensity<3 59% 15%
9 | weekDay=Tuesday, season=Sunmer — 11<dept h<20 57% 10%

10 | weekDay=Tuesday — 11<dept h<20 57% 14%

11 | 11<dept h<20 — season=Sunmer 57% 21%

12 | season=Aut unmm — 11<dept h<20 55% 14%

13 | season=Summer — weekDay=Tuesday 54% 17%

14 | intensity<3 —di stance>150 54% 15%

15 | di stance<80 —intensity>5 52% 19%

16 | di stance>150 — 1000<popul ati on<4000 48% 13%

17 | 3<intensity<4 — 80<di stance<150 48% 15%

18 | season=Summer, 11<depth<20 — weekDay=Tuesday 48% 10%

19 | weekDay=Tuesday — 1000<popul ati on<4000 46% 11%

20 | season=Spri ng — 21<dept h<50 46% 14%

21 | intensity<3 — 1000<popul ati on<4000 46% 13%

22 | 21<dept h<50 — season=Spri ng 45% 14%

23 | 500<popul ati on<1000 — di st ance<80 43% 11%

24 | season=Spri ng — 1000<popul ati on<4000 43% 13%

25 | 80<di st ance<150 — 1000<popul at i on<4000 43% 15%

Out of these 25 rules, the domain expert markeg fove rules (ids 1, 8, 14, 15,
17) as interesting and all others as “noisy” beedhesy describe a correlation
between attributes/classes that is meaningleseidamain of seismology. The
system needs a threshold parameter to be definmdl@n to mark some rules as
“noisy”. This threshold is the maximum path distafiom the main “earth
tremor” node/class. When this threshold is defirtled,system retrieves the
subgraph of the ontology defined by the “earthmi@r” node and all the nodes
with path distance less or equal to the thresHoléry rule that has attributes
belonging to that subgraph, will be consideredraging while all others will be
marked as “noisy”.



Trying to detect a reasonable threshold in ordetHe system to retrieve the rules
that will match the expert’s evaluation, we varibreshold value from 1 to 5 and
computed the rules marked as “noisy” by the sysifigms is illustrated in

Fig. 9.

Validation analysis
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Fig. 9 Threshold and rules rejected by the system andédisenologist

According to this experiment we conclude that witreshold 3 the system
matches expert choices. As such, this thresholdearsed by the user for the
next running of Apriori or can even be stored asaatiata for the specific dataset
and KDD process for future data mining.

With the procedure described above we can measeaneercentage of the rules
that will be marked as “noisy” by the system andhmy expert, but we do not
know if these are the same rules i.e. if the rolasked by the system are the
same with the rules marked by the domain expeec{gion). While in our
particular experiment we had a perfect match, ribissure that we will have a
perfect match each time.

6 Conclusions and future work

In this work, we proposed a framework consisting 8flBMS that uses ontologies
to improve data mining tasks, to evaluate extrapggterns and to improve
querying over pattern base. The PBMS interacts thithdata mining engine to
discover patterns and stores them in XML formabadiog to the presented
pattern model in the pattern base. Users can poesieg over the pattern base and
the data sources. Ontology is used to evaluatpdtierns extracted from the data
mining process, and to validate the queries theiagmosing.

The main idea is that the system is independent the data mining engine and
the ontology. So, according to the application dioynthe pattern types and the
ontology have to be defined. The PBMS has als@tbper design for defining
complex patterns and for comparing patterns usmgagity measures based on
the structure and the measure component of therpatit



The proposed framework provides domain experts avplowerful tool that can
help them to better manage and evaluate the patatracted from data mining
algorithms. We aim in improving and enhancing thglKprocess. Domain
knowledge and knowledge representation technigae$elp both in reducing the
required time to run a data mining algorithm anéwaluating the extracted
patterns. It is clear though, that due to the cexipt of ontologies and the lack of
standards on ontology creation, this incorporaisomot an easy task. We have
listed the theoretical and technical problems shaiuld be faced.

Both PBMS and ontologies are areas of recent relseard their applications
could be many. Apart from geosciences, every fiedd has a well defined
ontology can use the integrated framework to imprine KDD process. For
example in the domain of B2B marketplaces, findisgociations between
products is more efficient when using the hierashdefined in the product
ontology. Although there is not currently univehgaccepted product ontology,
efforts are made to integrate different producblmgies (Omelayenko, 2000)
towards this end.

In order to be able to use ontologies in KDD precasd to have the results
available to domain experts, ontologies have tddfaed in a common way.
There are a lot of efforts for ontology matchingpéld, Madhavan, Domingos, &
Halevy, 2003) and ontology integration (Cui, Jor&€)'Brien, 2002), (Pinto &
Martins, 2001) and this illustrates the need fooatology creation standard. In
this way, exchange and comparison of ontologiesrdesg different domains
could be possible. Until now, only several domaiaafic ontologies and tools
have been developed.

Integrating ontologies to the data mining processot an easy task and a lot of
issues have to be addressed. Things are complidagetb the fact that scientists
and companies create ontologies according to tieeids instead of adopting a
universal ontology. There is a large number of mgy languages most of them
designed for the semantic web like RDF (Becket®)QSHOE (Luke & Heflin,
2000), DAML, DAML+OIL (Harmelen, Patel-Schneider,Borrocks, 2001),
OWL (McGuinness, & Harmelen, 2005). New ontologaes constructed for
various fields and applications without centraligeidance and common
agreement. This is getting even more complex antestudies have indicated
semantic and syntactic conflicts between theseulages, especially between
DAML+OIL and OWL (Horrocks & Patel-Schneider, 20Q®atel-Schneiderand
& Fensel, 2002). Therefore, building a system tis&#s ontologies in the data
mining process requires choosing a specific onipolagguage to support.
Another important theoretical issue concerns trauation of various pattern
types using ontologies. It is very hard to defieagyal rules that apply to all
pattern types. The most popular pattern types ftata mining field are
association rules, clusters, decision trees, ne@talorks and time series. We
have defined filters for association rule mining dapending on the application
filters for each pattern type separately have tdddened in order to build a
system to support the majority of pattern typestiarmore we investigate the
precision issue regarding the patterns that systams as “noisy”.



Our framework is currently under development. Egdghexperiments and expert
evaluation of the results on real case studies agfiociation rule and decision
trees mining are to be conducted. Early result lieen positively evaluated by
seismologists. Future work includes defining fétéor decision trees and clusters
patterns for seismological data as well as appltfegiramework to other
domains.
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