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Abstract: New data warehouse tools for Semantic Web are becoming more and more necessary. The present paper
formalizes one such a tool considering, on the one hand, the semantics and theorical foundations of Description
Logic and, on the other hand, the current developments of information data generalization. The presented
model is constituted by dimensions and multidimensional schemata and spaces. An algorithm to retrieve
interesting spaces according to the data distribution is also proposed. Some ideas from Data Mining techniques
are incorporated in order to allow users to discover knowledge from the Semantic Web.

1 TOWARD PATTERN of the ontological instances, which could turn into
RECOGNITIONIN THE knowledge or allow its discovery. OWL tools allow
SEMANTIC WEB users to create new concepts related to one or more

existing ontologies, and to determine the instances as-
. . \ sociated to such concepts.
The Semantic Wels a new foliFof wefoncefied An additional tool is needed if we want to perform
for allowing human users gt SoftwareNooISAO pros in a versatile way customized data analysis, either full

gess ar:_d ?/Cage tr|1_e samg sotm;est of(;nfgrmart:_op]. Theor partial, so that each object can be studied from dif-
emantic Vel relies gyfc SeLggstancagiis WiICHpro- o o oy points of view focusing on distinct particular

vide syntactic consistency and sgm_antic vglqe to all features. Such a tool should allow users to navigate
of its content. _For example, Descrl_ptl_on logic |s_used through an instance set and its properties, being able
as the theoretic base for the description of web items, 1, iscriminate between relevant and superfluous in-
e}nd the Iangugges RDF. and OWI.‘ for Fhelr Syntac- ¢, mation. Moreover, it should compute and display
tic represgntatiby, Descr|pt|on EIOic def|ne§ a family statistical indexes able to describe and report about
of knowledge representation languages which can bey . o 4o taq patterns

used tofrepresent, in 2 v_velltundersto_od formal W&, The formalization of such a tool following the
the knowledge of an application domain. This knowl- framework described below. is the’purpose of the

edges, known as ontglogy, ranges over the termino- resent work. Starting from an available ontolo
logical cognition of the domain (the interesting object 'E)his is enrichéd with inf?)rmation rovided by the de?t)é
classes, or concepts, if®0x¥ and its examples (the analyst, for example specifyin tFr)aHzomic dai/a com-
instances of the object classes At30X. nalyst, @ampie sp 9! )
7. . . bination functions. These functions provide the way
Data analysis in the Semantic Web will be the L . . .
) : for combining atomic data to form a generalized in-
most important process when the population of on- . ) .
: . : . stance representing a set of instances. Then, two main
tologies becomes a reality. Its final goal is the recog- o . .
”» : structures have to be built: the conceptual dimensions
nition of patterns amongst the values of the attributes L .
and the multidimensional conceptual spaces. The
The population of ontologies is the process of adding conceptual dimensions are partial order specifications
instances to an ontology in order to enrich it with examples between objects, which allow to browse through their
of its domain knowledge. semantic relations. The multidimensional conceptual
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spaces can be seen as “intelligent object containers”.the data analysis information is introduced. Then, the
They make use of a subset of conceptual dimensions,proposed model is described, starting from the defini-
a specification of relevant abstraction levels and a tion of dimensions and their operators (section 3) and
set of atomic data combination functions in order to following with the specification of the multidimen-
(re)construct appropriate generalized instances. Dif- sional conceptual space (section 4). The two follow-
ferent statistical indexes (e.g. frequencies), assatiate ing sections are focused on the extraction of interest-
to the conceptual dimensions, can be used to char-ing conceptual spaces and their use, respectively. The
acterize patterns in the conceptual spaces. The mostast section gives some conclusions and future work.
suitable data analysis technique for carrying out this
proposal iglata warehousing

The present work is not the first attempt to formal-
ize a data warehouse for the Semantic Web. Within 2 ANALYSSMETADATA
the Data Warehouse Quality (DWQ) project (Hacid
and Sattler, 1998) a formalization for the multidimen-
sional modeling based on an extension of the con-
structors of description logic is proposed. In this way,
new object classes could be described by specify-
ing aggregability operations, and the traditional rea-
soning over ontological instances could be applied.
However, the demonstration of the undecidability of
minimal languages that operate with aggregate opera-
tors(Baader and Sattler, 2003) makes the proposal of
the DWQ project unfeasible.

On the other hand, the ideas of the traditional data e description of new conceptshichitis used to in-
warehouse (and OLAP techniques) has been extended troduce additional levels of abstraction in the con-

Information descriptions useful for the analysis are
those available in the ontologies in form of instances.
However, they are not enough to analyze data and dis-
cover patterns. New interesting concepts and partic-
ular issues related to the generalization process are
essential in order to generate descriptions that repre-
sent relevant and realistic visions of the application
domains of the analyzed ontologies. We call all this
informationanalysis metadatavhich comprises the
following elements:

to object oriented modeling, (Buzydlowski et al., cept hierarchies expressed in an ontology, and/or
1998; Truijillo et al., 2001; Nguyen et al., 2000; Binh to link concepts from different ontologies. New
and Tjoa, 2001; Abetl, 2002). Considering that de- concepts may be obtained extending old ones with

scription logic was designed as an extension to frames  paths to previously unrelated concepts. They can
and semantic networks, the basis of object-oriented ~ also semantically represent hierarchical clusters
data warehouse could be applied in order to define  obtained using clustering algorithms.

a data warehouse for the Semantic Web. However, description of the combination functiotsee def-

the flexibility of object-oriented formalization causes inition below); it is used to specify ways for gen-

a more sparse structure in object-oriented databases eralizing sets of data of the same type during the

that in traditional ones. Moreover, the restrictions of instance generalization process. The data analyst

OLAP implementations d_rastically red_uce the useful is responsible for deciding the combination func-

set of objects to be used in the analysis. tions that are semantically suitable for a given data
Unlike these previous works, this paper proposes  set. For example, the combination function which

a multidimensional model for the analysis of ontolog- computes the average of a set of values is seman-

the knowledge of ontologies with data analysis infor- of different towns.

mation. This data analysis information focuses on the
description of interesting object classes and on the ag-
gregation process. The reasoning of description logic

is used in a preliminary phase to 1) recover the satisfi- ; ; : -
information always available and to apply it accord-

ablé object classes that can be used on analysis pro-! 3 )
cesses, 2) discover the hierarchical and aggregate oriNd {0 the requirements of each case. This goal can be

ders between the classes, and 3) assign each instanc&chieved building a meta-ontology containing the sort
to the set of object classes to which it belongs. of information described above, again using Descrip-

This paper describe our proposal in detail. Firstly, tion Logic. In this way, analysts can proceed more ef-
ficiently as they can reuse the analysis metadata. Even

2 concept (or object class) is satisfiable if it is consis- More importantly, in this way the coherence of differ-

tent and there exists an interpretation on which appears ateént studies is granted, providing an ontology with an
least an instance of this concept. intrinsic robustness toward analysis processes. Thus,

Although it is perfectly plausible to define such
descriptions for every new multidimensional concep-
tual space, a better solution is to keep this semantic
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further studies can be more easily performed by com-

paring different analysis on the same knowledge do-

main and/or the point of views of different analysts.
The description of the combination functions can

relation-concept pairs that links and C' by using
consistent ontological definitions, and the latter is
used to relate concepts using both the aggregate (as
defined bellow) and the hierarchical order between

be specified through instances associated to the notiorconcepts implicitly defined in a given ontology.

of Combinable Concepf this meta-ontology:

CombinableConcept
= JhasConcepURIMYhasRelatiotJ RIM
JhasCombinationFunctio@ombinationFunction
CombinationFunctiornC
C JhasNamestringr1 3hasimplementatiob RI

Combinable concepts are those for which a com-
bination function can be defined. A combinable con-

Definition1. PathC,C') = ®1<i<n(RS,C)) is an ag-
gregation path from concefi to conceptC' of the
ontologyo if C; =C,C, = C', and there exists an in-
terpretationl = (A',.") of 0 such thatix € A',0 <
i <n, suchthakg € C'y x € C!, (x_1,x) € R!, for
1<i<nR eRS.

The process of path retrieval must be exhaustive
enough to allow the recovering of all aggregation re-
lations between two concepts. It can be performed

cept can be a datatype, a named concept (defined vidPy using an extension of the tableau algorithm for the

a URI), or a concept derived from a composition o
relations beginning with a named concept (specified
by the URI where the start concept is defined and the
relations from it).

3 DIMENSIONSAND THEIR
OPERATIONS

¢ SHOIQ(D) language (Danger, 2007). It is worth em-

phasizing that these paths not only describe the aggre-
gation relations between two concepts, but also the
aggregation order between all concepts of an ontol-
ogy.

Definition 2. Let 0 be an ontology. A dimensional
partial order, denoted asisa partial order between

all possible pairs of concep@, C' € Nc defined ac-
cording to the following constraints:

= .
A dimension is described by a set of concepts and the ® C=C'if C'CC, or

way to browse through them. Such browsing is per-

formed using the operators of abstraction and general-
ization between ontological instances, and the selec-

tion operators defined below.

We consider that an abstract ontology is consti-
tuted only by the terminological knowledge. An on-
tology that contains a set of instance axioms @hex
of the ontology composed by axioms specifying the
classC of an instancea -C(a)- or the relations be-
tween two instancea andb -R(a, b)-) is called con-
crete ontology. As it is usual in description logic, the
interpretation of the ontology id = A',."), whereA!

e C5Cif IPath(C,C)
The symbolS x is the reflexive and transitive closure
for relation>.
Definition 3. Let 0 be an ontology. The paid =
(C4,5) is a conceptual dimension, beifly a set of
satisfiable concepts in, T € Cy and S the relation
of dimensional partial order for the element<n

Example 1. In Figure 1 aworkplace dimension
which combines hierarchical and aggregation rela-
tions is shown. This dimension can be used to identify

denotes the set of instances belonging to an ontology? specific place with different levels of granularity.

0, and." the interpretation of the concepts defined on
0; | IF x represents that is deduced fromi; T rep-
resents the top concephing. We denote witha the
Abox of 0, with ® the set of axioms associated with
the relations of an ontology, witNc andNg the set
of named concepts and relations of the ontology, re-
spectively. Besides, the interpretation of a datatype is
defined byl® = (®P,.P), where®P denotes the data
set belonging to a datatyp®, of the ontology, and
.D associates each datatyfewith a strict subset of
data ind®P, Al NdP = 0. All representable data in the
ontology belongs to the set = -/ U®?.

The definition of path between two concej@s
andC’ and that of dimensional partial order are given
below. Intuitively, the former is the set of lists of

Workplace
T = - — .
Sector Stratigraphic  Archaeological
Unit Slite
Municipality

I

Couhtry
I

Continent

Figure 1:Workplace dimension.

Operations
The ontological instances of each dimension can
be represented by using different point of views of

15



ICSOFT 2007 - International Conference on Software and Data Technologies

(concepts associated with) the dimension. It is thus
necessary to define two different kinds of operations
over such instances. The first one is the selection op-
erator, used to specify the interest portion of the in-
stance that must be shown (for example, when the

concept represented by a dimension is replaced by a

concept related to the first one by an aggregate re-
lation). The second important operation is the gen-
eralization, used to generalize a set of instances (for

example, when the concept represented by a dimen-

sion is replaced by a concept related with the first one
by a hierarchical relation). The following definitions
formalize these operators.

Definition4. Let o be a concrete ontology with Abox
4; the description of an instana < 4 is the set
d(a) = {R(a,b),R(a,b) € 2}. This instance is said
to be of typeC if C is the most specific concept that
can be deducted from for a, i.e., VCx such that
I IFCx(a),CC Cx.

Definition 5. Instanced’ is called the specialization
of an instance of classC towards clas€, if its de-
scriptiond(a ¢ @) is not undefined, and # \C(a) U
{C'(@),d( a)lud(ale ') is consistent. The descrip-
tion ofd(a 1 &), is defined as follows:

{R(a,0)[R(a,b) € d(a),
fe(C,C")(R) = {(R,C)},
d(b ¢ b') # undefined,

if 3fe(C,C'),
ld(@atc &)| = |d(a)

undefined otherwise

where fq is a specialization function of the con-
ceptC to the concept’. This function defines how to
transform each relation on the abstract concept to the
appropriate relation on the specialized concept (Dan-
ger, 2007).

The operation of abstraction of an instance, de-
noted byd(a | @), can be defined in a similar way.

Definition 6. Let 0 be an ontology. Lef be an un-
defined data that represent any datasinA pseudo-
instancea® of type C is a selector if its description,
d(a), satisfies that:

Vb|3{Ry,...,R} € Nr,Ri(a,a1),...,Ra-1(an-1,@n),
Rn(an,b) € d(a) =
be {/}U vC’ IPathC,C')andRy, ..., R, c'.

is the order of the relations drath(C,C’)

Definition7. Let 0 be a concrete ontology with Abox
4,a€ u. Let? be an undefined data that represent
any data inu. An instancea’ € « is selected by an
instance selecta if:

3We calla pseudo-instance becauseoes not belong to
the ontology, although in order to improve the clarity of the
explanation we will call it instance selector.

16

e decd ac{al}or
e acC',CeNcya’ computed fod(a | ") is
such that

Vb e ®uU{¢} such thaBRy(a,a1), ...,
Rr-1(@n-1,an),Ra(an,b) € d(a) =
3Rl(a-//7a'€l./)7 "'7Rn—1(an 180 ) (a/r{7b/) €
ed@)A(B"=bvb=1)

Example 2. In Figure 2 a fragment of an arche-
ology ontology is represented. A selector in-
stancea constituted by the sghasmorphology(a, &),
hasgroup(a’, “open”), hasorder(a’, £), hasdecoration(a,

), hascolor(a, “gray”) } allows the users to recover
from the ontology the descriptive fragments a#-
ramic artifactsinstances according to the properties
group, order, decorationandcolor, but notice that the
morphologic group of the ceramic must be open, and
its color gray.

Definition 8. Let cyo be a function (called a com-
bination of simple data) which allows each datatype
@ to be mapped to another functioapy, which in
turn maps subsets @ in a compact representation
of the input subsét Letd, d’ be two data if\' U ®P.

A complete combination of dat andd’ is the data
duid’ computed as follows:

CmD(qJ)({d?d/})v if {ddl} co,
I ifde,C,d ¢, C,
d'Ud, ccc
d(d 1o d)yud(d)\ ifde,C,d €. C/,
\{R(d/7bl)7"'7R(dl7bn)‘ C/ Ecand
{by,....,bn} S, C"}U during the process
U{R(d’, by ..Ut bn)| no indefinitions
{R(d’,by),...,R(d’, bp)| are obtained
{b17 ...,bn} g* c”}
unde fined otherwise

In particular, two types of functions for data com-
bination can be identified:

e unification functionsvhich map data from 2 to
@. They can be oriented to statistical indexes,
such as means or deviations. Of special interest
is the functionrestrictive unificationdefined for
all types of data as:

d ifdp=...=dn

F({ds,...,0h}) = {undeflned otherwise
“For example, if ®° = {z}, ceo =
{(z,rangeOfIntegerSe}$, where the  function

rangeO fIntegerSetisas domairnz and as images the most
compact representations of integer sets, @sing integer
range sets, themangeOflIntegerSet$l,2,3,4,57}) =
[1,5]U[7,7].
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Archaeological
Context

Figure 2: Fragment of an archeology ontology. The concepts aresemted in ellipses, the shady ones correspond to root
concepts of different hierarchies of the ontology and the dashed+tieg correspond to datatypes. The thick lines represent
the hierarchical relations between concepts, the thin lines aggregatitiongland the dashed lines represent hierarchies

between relations.

e generalization functionsvhich map data from®
to acompact notation

Example 3. Letd be an instance represented by the
set {hascolor(a, “black”), has decoration(“incisions”),
hasweight(20g) andd’ an instance represented by
{hascolor(a, “ochre red”), hasdecoration(“incisions”),
hasweight(12g}. The outcome of the combination
of d andd’ by using the union of sets as combina-
tion function for thehascolor and hasdecoration
relations and the maximum of values as com-
bination function for hasweight is {hascolor(a,
{“black”, “ochre red” }), hasdecoration{“incisions” }),
hasweight(20g}. However, if all relations have to be
combined using unification functions, the result is un-
defined, becausttandd’ have different values for the
same relations.

4 MULTIDIMENSIONAL
CONCEPTUAL SPACES

The definitions of multidimensional conceptual

schema and multidimensional conceptual space are
given below. The former can be seen as the structure

which defines how to analyze the information. The

Definition 9. Let 0 be an ontology,C € Nc and
CC = pathy, ..., path, a set of paths from conceft
toward concept€],...,C}, respectively, (i.e.path =
@1cjen 1 (RS, ) @ (Rq.Ca ). The tupleE =
(D1,...,Dn,Cq,, --.,Cy,) is an n-dimensional (or sim-
ply multidimensional) conceptual schema of as-
sociated toC using pathsCC, where it is satisfied
thatyD; = (Cd, =), VG € Cd, G = *G;, andcg,

is a function which assigns a combination function to
each simple type of data that can be reached from a
conceptinCd.

Definition 10. Let 0 be a concrete ontology with
Abox 2. Let E be an m-dimensional conceptual
schema ofo associated t&€ using the paths i€C.
The set of tuples{ts,....ta}, ti = (dij,...,di,), ti #
tj,vi,j € {1,...,n} is called m-dimensional concep-
tual space ob with respect tcE, if for each data:

1. &, €Cl .G eCd, or
2.3dd e Ci'S such that, is an instance selected with
respect to a selector instance of cl@gs or

3. di, is a generalized data of a dataset selected with
respect to a selector instance of cl&sC €
Cd.

latter is the container where the analyzed instancesEacht represents a generalized instance of a set of
are described according to the specifications of the instances ofa selected with respect to a selector in-

schema.

stance of clas€ which contains all paths iGC.

17



ICSOFT 2007 - International Conference on Software and Data Technologies

Table 1: Analysis and generalization of ceramic artifacts. Algorithm 1 Generation of multidimensional concep-
Each row maintains the number of instances represented bytual spaces.
the associated description (values between parenthesis). Require: 0, E, C, B, B

Decoration  Morphology Weight [g] { 0, instantiated ontology with Abox,

. groupioper} C, reference class to generate multidimensional spaces,

Incisions order:{ovoid, spheroiqj 20 (3) E, multldlr_n(_enSIOHal SChema, ]

- groupyopen, close} Brm, Bm, minimum and maximum percentage of different

polished g ovoi values in each dimensiyn

order{cone, ovoid 500 (3)
. group{oper} Ensure: E' _ .

stamping order{cone 5 (2) {E’, multidimensional space associated to the schEma

group{closeq and the ontology }

without dec. order{spheroid 12 (2) . . . . .
First part: Eliminate the irrelevant dimensions and create

the generalization mappings between the data.

Example 4. The multidimensional sch h c={alacCl).

Example 4. The multidimensional schema ShOWn  yigrateq and group different data associated to each di-

in Table 1 has been constructed by using the mension oE.

following multidimensional conceptual space as- if B> ‘T > Bm (Di must be removedhen

[4c]

sociated to the concep€CeramicArtifact E = E = (D1,---,Di-1,Dit1,---,Dn,Coy s --:Ci_1 5 Cpg -5 Can)
(Dl? Dz, D37 C%nion’ C(Puniom C(Pmax)' where: else .
Generate mapping&l,d’) for each valued collected
D; = ({Decoratior},0), in Dj, d(d |ceu d') with C7*P being one of the classes
D2 = ({Mofph()'()g)}a 0), direct ancestors dfi, d € C!.
D3 = ({Weight},0), Second part: Creation of the multidimensional space
- ol
C%niOn:{<q)7U>‘q)6¢D}7 E _{}
Comax = 1(0,Max) }. for allae 4. do _
Lett = (d1,...,dn) be the tuple of data associatedso
U is defined byJ(dy,...,dn) = {d1} U...u{dn} and %CCOfdllng teE. _
Max represent the maximum function for real num- t' = (dy,....dy), computed from the mapping gener-
bers (in this case to compute the maximum weight in ated in the previous step, bei@gthe type of data.
each generalization). if 3t” = (dj,...,dn) € E’, beingC/ the type of data,

. . i ' such thati € {1,..,n} then
Algorithm for the generation of multidimensional v = (dd,, ... dnd,)

conceptual spaces g%

Algorithm 1 describes how an m-dimensional E' =E'U{t'}
conceptual space is obtained from a given ontology
0 and a conceptual schema of associated to the

classC, E. The technique of attribute-oriented induc- .
tion (Carter and Hamilton, 1998; Han et al., 1998) data analyst were not informed on the features of the

was taken as inspiration for its simplicity and flexi- object distribution in the domain, or if the number of

bility. One remarkable common feature between such such features were too high, her analysis capabilities
technique and this one is that no restrictions are put Would be strongly affected. Nevertheless, this prob-
on the data. The first step of the algorithm is to de- |€M can be overcome with an analysis tool able to
fine a mapping between each data of each dimensionSU99€st to the user some interesting analysis dimen-
and its generalized value, according to the conceptualSiOns- This can be obtained with a customifeature
schema for instances of tyf Then, the generalized selec_tmnprocess. The concept. of fee_lture.selectlon
instances are formed, substituting each m-tuple with a Was introduced for the task of dimensionality reduc-
generalized m-tuple that constitutes the generalization 10N originally defined in Statistics and widely studied
of the instances of the same type for each dimension. IN Machine Learning.

Anyway, it is necessary to define a way of assess-
ing the importance of a given feature subset. The
measures more used in the literature are the informa-

5 INTERESTING CONCEPTUAL tion gain , the Gini index , the uncertainty and the
SPACES correlation coefficients. Nevertheless, the large num-
ber of studies that argue in favor of decision trees and

A conceptual space as previously defined allows usersinformation gain (like ID3 and C4.5), made us decide
to freely browse the conglomerate of objects and re- to choose such a combination for our feature selec-
view the aspects they consider more interesting. If the tion process. More exactly, in this work we propose
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Let Cp be an ancestor concept in a dimension,
{C4,...Cqh} concepts directly specialized &@p, and
objsa function which associates each concept with its
objects set. LeB be the percentage of maximum cor-
relation between the number of objects of descendant
and ancestor concepts.
If 3C; such thajobjs(Ci)| > B|objs(Cp)]
Promote conceptSy, ...,Cy to level of concepCp
DeleteC,, from the dimension.

Figure 3: Rules for filtering out uninteresting concepts.

to compute interesting conceptual multidimensional
schemata associated to a concégiy way of algo-
rithm 2, an adaptation of the one proposed by (Han
and Kamber, 2001). The purpose of such customized
algorithm is that of using the distributions of a set of

concepts in relation to a set of classes, in order to se-

lect the compositions of relations (paths) that assure
the highest information gain with respect to the distri-
bution. The main block of the algorithm is procedure
ComputePseudoSchematdiich selects, as a first
step, the paths with highest information gain. Then,
for each path, the initial distribution is subdivided ac-

cording to the possible values of the data associated to
the objects through such path, and the process of sub-

division of the clusters is repeated while the informa-
tion gain is maintained in a desirable range. A parallel
task performed during this process is the computation
of the weights which indicate the interest estimation

Algorithm 2 Generation of interesting schemata of
multidimensional conceptual spaces.

Require: 0,C,1,y,a
{0, ontology with Abox Al
C, reference class for generating a schema of multidimen-
sional spaces,
Y, minimum allowed information gain
o, minimum number of objects in a description
Ensure: SP
{SPR, set of paths associated @whose subsets can be
used to form interesting multidimensional schermata

Let Pathg be the dictionary of paths starting fra@nwith
key in the destination concept.
S={S|S§ ={aeCl},¥Gie{1,..,n},CCC,
G #Cj.j € {L..n}i # ]}
SP=ComputePseudoSchemg®athg:, Sy)

function ComputePseudoScheméRathg:,S)y) :

{Outputs a pair, in which the first element is a set of
paths and the second a real value indicating the impor-
tance of the set of paths for the generation of interesting
schemati

First phase: Compute the importance of the current clus-
tering

ve= Y gesimp(§), where

' (¥ if |S]>a
|mp(S)—{ 1-|S|/a, otherwise

Second phase: Retrieve the subsets with highest informa-
tion gains

for each conceptual schema that may be generated for ~ Output @, ve)

each path set.

A further filtering step can be done for each di-
mension taking into account the relation between the
guantity of objects associated to a concept and to its
ancestor concept. In this way, an uninteresting an-
cestor concept can be removed from the dimension,
following the rule described in Figure 3.

6 USING A MULTIDIMENSIONAL
CONCEPTUAL SPACE

As explained in the introduction, the major advantage

if |§ =1then
else
SP=10

Compute information gainG, for each destination
conceptPathg according to the classification B
Let {pathy,..., pathn} be the set of paths which allow
a high discrimination between objects ordered accord-
ing to the gain valueG(pathy) > ... > G(pathy) >
y and Cy the destination concept associated to path
path, k € {1,...,m}.
for all ke {1,...,m} do
CD={C/|C' CC}
for all C' e CDdo
S={%, ={aeC/|Ci€{1,..,n},CCG;ais
rellated to some daté according topath Ad €
c'}}

SP= SPU(spv) cComputePseudoSchemgRathg —{ path },Sy)

of a multidimensional space is that a user can see her {{Guspv+ve}

data from different points of view. Tabular models in
3D, function graphs, histograms and relational graphs
are the most natural tools to use for the analysis of
results. The possibility of realizing generalizations

OutputSP

in other more complex insights about the behavior of

and selections at each level also represents a powerfuher data. Various pattern analysis tools have been de-

analysis skill. In this way, it is possible to character-
ize object classes in relation to others, allowing for
the comparison and discovering of class features.

scribed in the literature, especially with the develop-
ment of data mining research. It is thus plausible to
create new algorithms for the extraction of interest-

Although these are the analysis methods that haveing patterns in the multidimensional conceptual envi-
traditionally been used, an analyst may be interestedronment (Han and Kamber, 2001). Some of the most
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interesting patterns to extract are: warehouse processor that use such models and func-

e of characterizationthey represent rules for char- tions in order to perform all the necessary generaliza-
acterizing a class of objects according to the val- tions. This second module has been optimized con-
ues of a subset of its dimensions. They can be ex- Sidering some of the OLAP solutions.
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