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(_Ummphm! Hno\vler;ge Processing
Fard Sawnprey Unlversity ot Kassel

Abstract;

Knowledge processing mainly deals willi the organizational aud techni supprort i
knowledge processes. Imporiant activities of knowledge processing ave discovering s
structuring knowledge, derivation of new knawiedge, and communication of the knowledes
Since human thinking is conceptually organized, a major isstie in knowledge processing is
semantics-based support of these tasks. In the presentation, the expioitation and geveration uf
conceptual knowledge in the relnted research areas Kuowledge Discavery, Informatio
Retrieval, and Peer to Peer is discussed by three examples: (i) congeptunl chstering wirh
background knowledge, (i) conceptual email management, (iii} semantic-hased TRMINg in
peer {o peer systems. -
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Using WordNet Ontology to automatically enrich dimension
hierarchies in a data warehouse

Jose-Norberto Mazon, Juan Trijille
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Abstract

OLAP  (On-Line  Apalytical  Processing)
operations, such as rollup ar drill-down, depend
on data warzhouse dimension hierarchics i
order to aggregate information at different levels
and support the decision-making process
required by final users, However, operational
dats could net be cnough for supplying
information to congtuet adequate hicrarchies,
which have enough aggregation levels. In this
paper, we  apply knowledge given by
relationships among concepts from WordNet
Ontolugy 10 gvercome this problem. Thersfore,
more complete dimension hierarchies will be
specified in the data warchouse, and OLAP tooks
will be able to show proper infk ion lo

Manuel Serrano, Mario Piattini

Alarcos Research Group
University of Castilla-La Mancha

Paseo Universidad, 4; 13071 Ciudad Real, Spain

{Manuel.Serrano,Mario.Piattini } @uclm.es

defined, the more meaningful users' queries will be
answered and the better decisions will be made.

Based on our experience on designing DWs |13,14],
we consider that the right way of defining hierarchies is as
follows: from user requitements we use conceplual
medeling approach to build a conceptual schema. Then
we use operational data sources 1o complete this first
version of the conceprual schema (of course, from now on
we would proceed with the following design stages such
us logical and physical design). Mevertheless, even though
we use opcrational date soucces to complete hierarchies,
we found that these hierarchies cauld not be specified as
many terms and data are migsed in the operational data
sources. Consequently, cperaticnal data could bz not
enough for consuncting adequate hisrarchies, and some
kind of guidance would be approprinte to provide

fyani

impreve decision-making process. Finally, we
will show the benefits of our approach by
providing a case study in which a poor hierarchy
is snriched with new levals of aggregation,

1

According 10 Inmen’s definition [8], a data warchouse
(DW} is “a subjeet orientod, inlegrated, non-volatile, and
time veriant collection of data in supperr of
mmAnagement’s decision™. In order to support the decision-
muking process, OLAP (On-Line Analytical Processing)
tools are commonly vsed. These toois allow users to
guery. DW by analyzing its [arge amount of data. In this
analysis, operations such as roll-up or drill-down are used
to aggregate or disaggregate data, depending on levels of
aggregation which must be explicitly specified by
ctganizing the members of & given dimension inte
hicrarchies [2,9,12,15,21,22,26]. Thus, hi hies must
be properly defined for analyzing data slored in DW
accaording to user requircments in order lo improve the
decision-making precess. In fact, the ticher a hierarchy is

Introduction
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10 enrich them, A ditmension hicrarchy is
enriched hy adding levels of sgaregation 1w accomplish
with information analysis requirements and improve
decision-inaking process.

In this paper we present an approach {see figure 1} to
aziomatically complete hierarchies using reletionships
among concepls provided by an ontology. The reasen is
that dimension hierarchies are derived from abstraction
processes Lhat represent semantic relations between
values, like generalization (“is-a-kind-0f or hypemym)
or aggregation {"is-a-part-of* or meronym}) [1,2,32,15,21,
22,23). In cur approach, WordNet is used like an entology
{using its Iierarchy of concepts) hecause (i) it pravides
concepts from many domains, (ii) it can be easily
exietided 10 other languages, apart: frow: English, by
means of EurocWordNet {28, and (iti) i presents relations
betwsen concepts which ate easy 10 understend and use.

The benefit of our proposal is clear; using knowledge
provided by an ontelogy ta improve quality of dimension
hierarchies by means of adding new hierarchy aggregation
levels, which allow DW users to achieve thair analysis
information needs and, in this way, to better support the
decision-making process,
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Flgure 1. Applying WordNet to obtain a ticher lisrarchy,

‘The temain of this paper is siructured as follows.
Section 2 presexts an overview of works about WordNet
and ontelegics, Section 3 describes our approach for
modeling DWs and their ditnension hierarchies haseil in
UML {Unified Modeling Language), Section 4 overviews
WordNet Ontology. Section 5 defines our approach for
enriching  dimension  hierarchies using  WordNet
Dntology. 1n section 6, a case siudy is presenled. Finally,
in Section 7 we point out our conclusions and sketch
some fulvre works.

2. Related work

Traditionally, WordMez bias been used to improve natural
language processing systems. It has supported several
kinds of tasks, such as informetion remeval and
cxiraction, document structuring and calegorization, ¢lg.
A comprohensive review of applications telated to
WordNet cen be found in {19].

On  the other hend, within  multidimensicnal
envitomments, linguistic  knowledge  provided by
ontoiogies has been specially used for data integration,
Kedad and Métais {10] use dHnguistic knowledge during
the process of data cleaning in multisource information
ystems to solve teminol 1 confiicts between data
instances. Tolvoien and Niemi {27] present an ontetogy-
based methed to find suitable data fiom different sources
and 1o semantieally integrate them into one OLAP cube,
A review of the use of ontologies for data integeation can
be found in [29]. For a morc general review, we ofer
Tender to {3).

Furthermore, several works [2,%,15] have paid
allention to the importance of dimension hicrarchies in
multidimensional modeling. However, to the best of our
knowledge, our contribution is the first work abou
employing ontologies for improving the dlssign of
dimension hierarchies in Ws.

3. Data warchouses, dlinensions, and thelr
hierarchies

Mullidimensional dalabases, OLAP applications, and
DWs provide companies with many years of historicat
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information for the decision-making procass 11 10w |
accepted  thar  these  systems e based o
multidimensional modeling which stncuwes infroauen
o facts and dimensions. A frer containg e
mensures (fact attrilwes) of a I
deliverics, ew.), whurcas a dimension 1epresen|
context for analyzing 3 fact (produgt, customer, t
by means of dimension ntwibutes  hicimeh
organized. A set of Fact measures is besed on w ser of
dimensions thal determine the aramulagity adopred §i-
tepresenting facts.

In this paper we follow owr vbject oot T
concepraal model from [12,26], This appioach s iv
specified by means of 2 UML profile that contain:
necessary storeotypes fn order to carry ot vor
madeling successhully (12). The strucioral prope:
multidimensional modeling arc reprosentéel Ty i of @
UML clags dingram [20] in which the infametion 14
clenrly organized into fiets and dimensious Tepresentd
by means of fact classes and  dimention  cligi .
zespectively,

Fact classes are defined as composits classes in shutl
aggregation refationships of n dimension classes, i
minimum cardinality in the role of the dimension classse
is 1 to indicate that all (he faces must abways be 1alated 1
all the dimensions. The relations “many 4o many”
between a fact and a specific dimension are apretlied b
means of the cardinality L.* in the 1ole of ihe
comrespondiog dimension class. In our example in figni
2, we 'can see how the Sules faet class has n many e
many relationship with the Progiet dimension

A fact is camposed of measures o1 fact attribiss 11
default, all mersures in the fact class arc consicere o -
addiitve. For non-additive mcagwes, additive mirs -
defined as constrains and are included in the Faer ol
Furthermore, derived meesures can also be explichly
represented {indicated by /) and their derivation reles a0
placed berween braces near the fact class,

Our eppraach alsy allows the definition of ientifvine
altributes in the fact class {sterentype ON2). Tn this we
degenerated dimensions can be considered (111 theiebey
reprasenting other fact features in additiom 10 b
measures for analysis, For example, we could seis e
ticker nurmber (ticket_ruumbery as depenerated divarusin,
as reflected in figure 2,

Regarding dimensions, there are twe Lindy oo
hiernrohies: clnssification  hierarchics, epresented by
assuciation relationships, and categor o Tieraelies,
represented by means of genezalization reintionships.

Classification  hietarchies -defined  on  vetom
dimension attritules ate erucial hecause the siibsequemi
data analysis will bz addressed by these hicrvchios, 4
dimension airibute may alse be agmegated (relaind)
mors than one  hicrarchy, and* therefme  wnltiphe
clagsification hicrarchics and aliemative path e ehis.
are also relevant. For this reason, o
teprescnting and  congidering  dimensk

pnnsl

non away ol
with - fheir
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classification hierarchies is using Direcied  Acyelic
Graphs (DAL). Neverbeless, classification hierarchies
aie not so simple in most of the cases. The concepts of
“sirictness” and “comploteness” ere imporant, nel ondy
for conceptual purposes, but alse for Rarther steps of
muitidimensinnal modeling. “Stricmess” means that an
object of & lower level of hievarchy belongs to only one of
a higher level, o.g. a'city is only related to one state.
“Completeness” means that all members belong 1o one
higher tlass object and that ohject consists only of thoss
members. For example, suppose we say that the
classification hierarchy between the state and the iy
fevels is “complete™, I this case, a stare is formed by alt
cities recorded and all the cities that form the siate are
recorded. In our W conceptual model, each level of a
classification hierarchy is specified by a base class (see
figure 2 An association of base classes specifies the
relationship between two levels of a classification
hierarchy. The enly prerequisite is that these classes must
define a DAG rooted in the dimension class. Due to the
flexibility of UML, rou-strict hicrarchies and complete
hierarchies can be also considersd by means of the
cardinality of the roles of the associations. See figwe 2 for
an example of all kinds of classification hierarchies.

Flgure 2, Example of un Gbject Oriented DW conceptual model
using UML.

Lastly, categorization hierarchies are useful when
OLAP scenarios bécoms very large as the sumber of
dimensicns increases significantly. This fact may Tead to
extremely sparse dimensions and data cubes. In this way,
there are atiributes that are normally valid for all elements
within a dimension while others are only valid for &
subset of elements, For example, attributes number of
passengers and iember of airbags would only be valid for
cars and will bs “mull " for vais, [n our DW conceptual
model, categorizalion hierarchies are considered by means
of the generalization/speciatization relationships of UML.
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Unce the structure of muitidimensional wnodel has
been defined, final users 1equire fullilling a set of initial
enalysis requirements as a  starting point for the
subsequent  amalysis phase.  From  these  initial
requirements, tsers can apply a set of operations {OLAP
operations) to the mullidimensional view of date for
further analysis, OLAP operations related to dimension
hierarchics are usvatly as following: rolf-up (increasing
the level of aggregation) and drill-down {decreasing e
level of aggregation) along one or more classification
hierarchies.

4, Hierarchies in WordNet

WordNNet {16] is a linguistic resource that provides lexical
information about words and their senses. Furthermore,
WardNet also provides a varisty of semantic relations
which are defined between concepts {17}, so it dan be
used fike ontology. Syntactic category of each, word
determines its patential semantic relationships. In this
paper, we focus ofi noun semantic relations (since
dimensicn attributes are usually nouns) namely:

= Synonymy: it is a symmetyic relation between word
forms. It is a similar relationship: synonymy indicates
that two concepts have a similar meening. For
example: pipre and fube are synonyms. '

» Antonymy: it is also a symmatric relation between
word forms. §t s an opposite relationship: antomymy
indicates that two concepts have an opposite meaning,
For example: hefl and heaven are antonyms,

» Hyponymy/Hypemvimy: they represeat transitive
relutions between concepts. It is a subtypo/supertype
relationship, Jiving twe concepts X and ¥, it is
expressed as X is-a-kind-of ¥, where X is a more
specific concept (hyponym) and Y is a more generic
concopt (hypemym). An example: cake is-a-kind-of
baked goods. In figure 3, an cxample of a more
comprehensive  hypemym  hierarchy s given:
chacolate cake is-a-kind-of cake, which is-a-kind-of
baked goads, which is-a-kind-of food.

© Meronymy/Holonymy: they are complex semantic
telatious, such as compenents patts, subslamive'parts,
and member parts. They are whole-part relationships.
Giving two concepts X and Y, it is expressed as X is-
a-gart-of ¥, where X is a concept that represents a part
(ncronym) of whole concept 'Y {holonym). For
example: witee! is-a-part-of car.

cliveolate ealbze -- (cake conlaining chocolaley
=> cake -- (made from or based on a mbiure of flour and sugar
and eggs)
=> baked goods «- (foods (kke breads apd cakes and
fastries) thal are cooked in an oven)
=> food -- (any solid substanice (ar opposed to tiquid) that
5 used as alsource of nowishment; “food and drink™)

Figure 3, Hypemym hierarchy for ehacolate cake.
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These semantic relations allow us ro OTRANIZC cOncepls
into hierarchical structures (an example of a hypernym
hletarchy is shown in figure 3). In particular we are
inleresied in hypernyny (“is-a-kind-ol™ or generalization)
and meronymy (“is-a-partof” or aggregation) relations
between nouns; since, they are the most usefil
relationships in a dimension hierarchy [1.2,12,15,22).

5. Enriching dimension hierarchies

Dimension hierarchies in DWs show the relationships
between dommins of valies from different dimension
alributes {sot in levels of aggregation). As ahove-
described, WerdNet also p hierarchy relationship,
between concepts, such as hypemymyhyponymy and
meronyniyholonymy.  Thereby, we will usc this
hierarchical organization of WordNet 1 automatically
complete dimension hierazchics.

We focus on the dipension hiecarchy delinition
provided by [12), described in section 3. Sines UML is
used for designing a DW, hierarchics are modeled by
using UML relationships, Panticularly for classification
hierarchics we use agsociations {(including aggregations)
between levels snd generalizations for <ategorization
hierarehics.  For  generatization  we will  uge
hypernymy/hyponymy selationship provided by WordNet.
Association refationship from UMY, fs more general, singe
it only specifies that two elements are conneeted, Thus,
we will use hypemymyfhyponymy or  meronymy’
holonymy relntionships from WordNet depending con the
domain of dimension attributes: if an assaciation is
considered 85 an aggregation then we uge meronymy/
helenymy, else we use hypemnyay/hyponymy. For
exampie, in the case of e Bicrarchy eify-state-counny,
we will use metonymytholonymy relationship due 10 the
Tact that city is a part of stote and state is 2 part of counery
(=g Bosten s a part of Mussachusers and Massachusetts
is a pavt of USA), However, it liierarchy produce-famify-
elass, hypemnymy/hyponymy telationships will be used,
because of every product is a kind of family and every
Jarily is 2 kind of class (&4, emke is a kind of baked good
and baked good is a kind of food).

For the sake of clarity whan explaining our proposal,
ftom now on, we assume that oniy strict hietarchies are
taken into account. So, non-striet hicrarchies {multiple
aud alternate path hieracchies) ate not considered. It can
be assumned because of WordNer restrictions regarding
relationships, since there is ushally only one hyperaym for
=ach word sense [4,16).

Qur approach consists of grouping word senses whose
hypemyms/meronyms are equal, into & new set of word
senses, This new set corresponds 1o a level of a dimension
hierarchy. Each set of senses is described by its common
hypemnym/meronym, Tn order 1o create another level in a
hierarchy, grouping again into lypemym/ineronym senses
(by its common upper concept) is required until the
necded fevel of aggregation is achieved, Before starting,
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word senses must be dis; aterd e bt .
sense for erch one. For disatbiguation wa v e 1y -
spacification mincks WSD (Ward Sense hsasbapirion:
algorithan from (18], since it olfers wood g efin - -|
every word for diszmbignating belongs W the cn
domain. We assime that cvery pessible vatue (fa ven
dimension anrbute belengs 1o the same domain, 1
exainple, all possible valucs of the attribute vine will b
names of citics,

Fignre 4. Dverview of oyt appreale

Following, we explain the wain SIS of Bt e i
{an overview is shown iy figure 4);

Prerequisite 1. A dimension auvitade is chosen e
ditiension hiernrchy will be specified stuting fron e
ativibgs.

Prerequisite 2, A level of agarepatian {cobed
specified. This is the number of daggprewationg
required to propesly analyze das fiom the 114,

Prerequisite 3. Create a variable /. Uhis vl e
fncremeits its value when 2 new level of iy
created. I must be initialized: (-0,

Step 1. Eximact all values fwithamt rwepeating
valus) from chosen dimension atribute, These values 11,
nouns and they constitale the inpat (or coniesty [
specilication marks WSD algorith:

We=fivg, vy, Fwhere wy densles every vafine ng g
selested dinension anrimie )

Sdep 2. Tor ench word in I, we have 1o uhiren
correet senses [ion WordNel wsing specificntion sl
WD, Here 5 represents the correel sense fo ermte
vakie w;.

wallen s

5=y 5 s 148 B setse f

Step 3. For ench semsc in S we obmin o
hypemynvincronym {ouly the lowest onekas i,

Hy={I} V5,5, b is the lowest Rypermmdneroman of 1,

The set of every hypernym/meronyn stnses ohtainre:
from every 5, without repeating is also formed:

Hafly hyy o bt

Step 4. A new hiewarchy level is crcated pned et
hypernynyineronym scase fion Fiy, is ndkled s instane,

Step 5. Take new input values ag »ll ha peraen:
METORYIN senses: S=4,

Stop condition, r=04, If the requitad Jevel o
aggregation is reached (r=a) or § has onily ong sicme
(all input auribuics alrendy have o conmion hynenyin
merogymy, thon maxinunn level of agercgaton s heey
reached for these input values, Otherwise, RO S

In figuie 4, every step of sur approach is ilbesaled
From a dimension in multidgimensional model which e




i
L

acconmplish with users requirements because iis hierarchy
does not have enongh levels of agg:egation, a dimension
atiribute is chosen and zl} his velues fonn the context for
specification marks WSD in order to obtain right senses.
for each value of dimension attributes, Afterwards,
iterations start 1o obtain hypemyms/meronyms of values,
a new level of the dimension hierarchy is created, and
values are mapped into this new level of hierarchy.
lterations are repesied until a richer hierarchy, with every
level of zpgregation required, is obtained.

6. Case study

In this section, we will show the benefits of our approach
by providing a kintle case study in which a poor hietarchy
is enriched with new levels of aggregation. Our case sudy
eonsists of a retail sales business composed of several
gracery stores spread over several regions, In each store
scveral products are sold. This business process deals with
analyzing what quantity of products are sclling in which
stores on what date. The store manager needs o Further
study these sales, anaiyzing them by means of several
levels of aggregation {=.g. user needs to analyze the sales
aggregating by classes of product). However, only name
of the product is available in the operational sources (sec
table 1), so the original hierarchy provided by these
sources, can only consist of one level: product. According
to the DW conceplual model overview in settion 3, a
multidimensional class dingram is built from user
requirements according to available cperational sources
{see figure 5). Dimension hicrarchics are shown in this
class diagrams. We can sec that product dimension has not
enough levels to accomplish with user requiremenis.

|
(B7

STATE

Figure 5. Case study”s initial multidimensional clags dingram.
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Simve usor reqquirements are not achieved by this
hicrarchy, we apply ihe approach above described to
introduce mew levels in the dimension hierarchy and
entlch it. Qriginal hisrarchy consists of an aggregation
fevel, nanied producs (see figure 5). However, user noeds
to aggregate dala in three more levels: a lower level called
subtype, an inteninediate level cailed fype and a higher
tevel called clasr {see figure 6), Three new levels have tp
be added to the origine] hierarchy in ordar to entich it, We
consider thal the user knows the semantic of sach level, 50
levels will be denoted as fevai I, lavel 2. and level 3.

D

SALES N
W veRA T QUARTITY $0L8 '
- e,

-
o '
ot
pr
m'_‘fﬁm suarveg ,
o |
HEGION TPE
l |
[ [B]-
SIATE s

Flgure 6. Mullihimensional class diagram which accomplish
wilh user requitements.

Now, every siep o oblain the final hierarchy from the
origisal cne js described:

Prerequisite 1. Dimension attribute grodect is thosen
{see wble 1). .

Prerequisite 2, Three new levels of aggregation are
recuired, 80 a=3, '

Prerequisite 3, /=0,

Quantlty  Product Date
2 Bourbon 170172002
3 Merlot 01/02/2002
2 Chardpnnay 0310272002
2 Cabernet 100172002
| Scotch _-09/02/2002

‘Table 1. Seme of d‘aln stoled in operativnal source.

Step 1. Input values are the foilowing:
Wefbourbon, merlot, chardovnay, caberitet, scotch]
Step 2. For each word in the input, its correct senses
using specification marks WSD are the following:
S fsy, 83, 53, Su 8gf m{bourbonii2, merloth,
chardonnayil, cabernethl, scotchl}

28

Step 3. Hypermyms for each sense of § are oblained
+ From WordNel (only the lowest hypernymn for cach sense),
H vourbonas= (Whisky 1}, Hoerpargzmfred wine# 1),
Horordamaptt={White winefl ], H, .y, un={red wine#l],
H seouney=fwihiskyl }
H={whiskvb], red wine#!, white wineXi 1}
Step 4. Levei I is added (see teble 2),

Product Level 4
Beurbon Whisky
Merlot Red wie
. Chardonnay White wine
Cabernet  Red wine
Sentch Whisky

Table 2. First hievarchy Ievet arzatad and iis mappsd valnes.

Step 5. Definition of new vaiues for §:
S=if=fwhisky#l, ved wine#l, white winef!)
Stop condition. 1= r<a, then go to slep 3,

Step 3. Hypernyms for each: sense of § are obtined;
Btseion ={0GHOTHL ), H,og iveny={winteit1},
Flbne eomerr={winne#1}
H= fliguordl, wine#l}
Step 4. Level 2 is added (see fable 3).
Step 5. S=H={liquor¥1, wine#|},
Stop condition. 1=2. 1< then go to srep 3,

Step 3, Hypemyms for cach sense of S are oblained
Higuortr™ {21¢Oh0IRL}, Houjpenr= {alcoholi 1}
H={alcohol#1}

Step 4. Level 3 is added (sce table 4),
Step 5. S=H={alcohol#1).
Stop condition, r=3=a then stop,

Iroduct Level!l  Level2
Bourbon Whisky  Liguor
Metlot Red wine  Wine

Chardonnay Whiie wine Wine
Cabernet  Redwine  Wine
Scoich Whisky _ Liguor

Table 3. First and sccond levels created and its valoes,

Produet LevelI Level? Level3
.« Bourbon " Whisky  Liquor Alcohat
Merlot Redwine  Wine  Alcohal

Chardonnay White wine Wine  Aicobol

Cabemet  Redwine  Wine  Aleohol
Scotch Whiskv __Liguor Alcokol

Tnble d. Hierarchy icvels created by our appronch and itx
values.
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Figure 7. lusiances before and afier anmlying our opproaceh

Afler applying this method, an enriclied Bevarely i
obrained (see figure 6 and lable 4) which accomplish with
user regnitemenis: analyzing quantite of e«
aggregoting by several levels of agaresation o
e, ond class of precuuci), despite only one e of
aggregalion {(mroduce was available, Then, mn appresich
was applied statting with a poor hicrarchy (sen G
and table 1) only with one level of aggrenation yre i o1
and an cariched hicrarchy have beer obtained whreh I lpi
users to fulfill their requirements fagaregating by wbripe
ope, and cless of product). W figure 6, the caiche:!
hierarchy is shouwm. Enstances of this hicrarchy can he
both observed in table 4 and figure 7.

7. Conclusion and fulure work

Using richer hierarchics when querying DW with (1LAT
to0fs fs crucial to improve decision-making pocess. 1n
this paper we present an approach to mitgmatically eriich
dimension hierarchics in DWs. In our proposat we st
with 2 cenceptal multidimensional modei Based on TinT,
[12,26) and user requirements regarding  simension
hierarchies. Then, we apply heperyn or mewnym
relationships from WordNet 1o obtain o richer Iiviarzhe
This enriched dimension hietarchy allows nsers 1o
accomplish with their information mmatvsis needs i
improve their decisions.

In spite of using WordMer, wo have in point ang L i
presents several ontological problems [4) which must i
overcome in a next funne, For inslance, Wordiet dlocs
not have encugh relatiens, such as amilntjon 18 o
anribute-of) (24), which could be used W enrich every
level of the hicrarchy by adding several possible nttribtes
(i.e. for city, atibutes Tike population ar area conld 1w |
added). Serne kind of formal specification of WordMet
(like OntoWordNet [5]) could be used 1o rolve fhess
entological problems. .

Tu the line of {25} we can sidy o methodoloyy lor
creating and managing domain antologies t proprerly
apply them in our approach.

Finally, we cnn use WordNet within 1Wg sysleme. o
overcome, dimension updale problems (7] or w 1esobvo
inlsgration problems [10) and inaceuraic prablems
regarding sunumarizability [G).
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Abstract

‘Type hierarchies (a partlonlac kind of taxon-
omy) are s fundamental part of antologies, but
are less generally evident in databases. It ig
therefore important to discover reliable and
preferably sutomated methods for identifying
taxenomic relationships in existing database
ingtances. But we also argue that the role of
type hierarchies Ja overstated, and show sev-
eral aggregations that can replace generaliza-
tion In some cireumstances. In light of this we
proposa that simplistic methods for discovers
ing potentlal taxonomies in databases can be
useful if they are completsented by sophisti-
cated pruning mechanisms whick ensure that
the correct taxonomies and aggregations are
adopted. We show that the most appropris

ate type of relationship can be discovered on

the basis of the grammatical properties of the

terms as used in texts of natural language,

which can therefore form a bagis for the prun-

ing mechanism.

1 Intreduction

"The basl: organising relation for ontelogies is a texon-
omy of types |1]. In a survey of relatively well devel-
oped outologies of significant size, (2] find that "tax-
orromy is the tenter part of most ontulogies”, Teax-
cnomies have had a long history in knowledge rep-
resentation, appeering in the guise of semantlc net-
_—
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works, which have their origina in angient Gewk filg
losophy (3] More recently {5} argue that
... have become an fmportant conenplu
database schetnas, knowledga-based systoms, ane o
mantie lexicons.” Taxonomy is defined in |5} 2=

n partial-ordering celstion commonly known as i o
class inclusion, or subsumption ..". Tu HEPEors e
primacy of taxonomies, a fandamental axinm for
sertlilg fcts about concepts in OWL (L Y3 rerdir
Web Ontology Language) is rdfs:subldussolf, whicl i
used in asserting the taxonomic sub ype redation i
tween concepts.

The role of coneept type hierarchies in datalises iv
somewhat less than straightlerward, and enn ropen.)
on the particular modeling tool, the stage of databnse
design, the choice of database architectyre, and =
on. For example the ER ¢onceptual madeling notntion
does net have the facility for congept subLyping, but, it
iz a feature of EER and even moge eXPIOSKive senian.
tic data models 18]. Moreover, full suppoct for absteart
datatypes in cbject databases makes ehass hicracohios
into first class eitizens, Tdentilying taxonotnie galy
tivnships in existing database descriptions is therefo-
going to depend on the format, of those deseriptioms. Ty
the absence of an exprassive dats model where such ri,
laticrships are expressly defined, thay must beinfaryed
from: other aspects of the database relations. That io.
flattening the concepts {nto tables can lo
of information about the' concepts and th
pecially tegarding hierarchies, For axawple diffare
classes of PRODUCT might simply be clistingyishndg i
a dntahase by an product type attribue, in whieli coee
the subtype relationship is not directly- indicated v
PRODUCT might serve as an exsellont candidalr as o
superclags for the different products offurnd by oo
tailer. Anather possibility is that instanees of the 5l
class relationship might be inferred through proc .
the data dictionary. Thore are many exisl rewls
niques for aulomatically generating taxonwnios from
glossary definitions and unstructured text. which ran

i oA s




