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Abstract

The ability to analyze large amounts of data for the extoactf valuable information presents a
competitive advantage for any organization. The techriefogf data warehousing, OLAP, and data
classification support that ability. The data warehousedsraral data pool which integrates hetero-
geneous data sources and provides strategic informatroanfalysis and decision support. OnLine
Analytical Processing (OLAP) presents an approach to dadéidysis where data is consolidated and
aggregated with respect to multiple dimensions of interése idea is to consolidate large amounts of
data by summarizing and aggregating data elements for eedirgf a data cube. Classification of data
elements reduces an arbitrarily high number of data elesnatd an arbitrarily small set of classes,
which highly reduces the granularity of data. In OLAP, cifasstion is used for the consolidation of
dimensional attributes. Fuzzy classification is achiewednodeling data element classes with fuzzy
sets. Thus, data elements are assigned to one or many diassesrtain degree.

This thesis researches the application of fuzzy classificdadb OLAP data analysis. Specifically,
the approach is the fuzzification of dimension classificatio OLAP cubes. A framework has been
developed, which allows the description of data cubes wi#tzy dimension hierarchies. This frame-
work has been implemented in a prototype computer programabta of calculating and manipulating
OLAP cubes with fuzzy dimension classification. This prgpet allows the definition of fuzzy contexts
on dimensional attributes, as well as the definition of OLAPes on base relations. The levels of
consolidation for every dimension can be drilled down,gdlup, sliced and diced. Data consolidation
can be achieved by crisp or fuzzy classification.

Keywords: Data warehouse, fuzzy classification, e-Health, OLAP,idioniensional data analysis,
fuzzy data consolidation, fuzzy contexts, fuzzy data ggton.
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Chapter 1

Introduction

Accurate information about an organization’s state is sg@gy in order to make strategic decisions. An
increasing number of heterogeneous information systeghaaexpanding data volume makes retriev-
ing meaningful information more difficult. The data warekewoncept (Inmon, 1996) is an information
systems approach for decision support which focuses omthgration of heterogeneous data sources
in order to facilitate the derivation of decision suppoifoimation. (Codd, 1993) proposes a similar
solution, which is named Online Analytical Processing (B)A‘Business enterprises prosper or fail
according to the sophistication and speed of their infoimnatystems, and their ability to analyze and
synthesize information using those systems.” The OLAP ephsuggests multidimensional analysis
on integrated and consolidated data in order to accomgiestobjective.

1.1 Problem Statement

Healthcare organizations use information systems as welbenmercial companies. In the same way,
they struggle with a growing data volume and a difficulty inking use of the stored data. However,
decision support information for healthcare is usuallyslesntered on increase of financial benefit.
What is more important is the reduction of cost and the imenoent of quality (Schilp & Gilbreath,
2000). E-Health is a relatively new term in healthcare infation systems. It is often used to describe
internet-based healthcare applications (Warda & Noeld§22, or generally the use of information
technology for the improvement of healthcare quality (J&hwagel, 2003). A data warehouse in an e-
Health environment can enable healthcare organizatiomate information accessible and analyzable
in order to provide a basis for their decision support.

The main question of this thesis is “how can fuzzy classificelbe applied to a data warehouse, and
how can such an application be helpful in order to improvédi@c support information for healthcare?”
If the data warehouse is a system together with processestidations, the question is where fuzzy
classification can be appliedthin that system

This thesis examines the applications of fuzzy classificeith OLAP data analysis in a data ware-
house. A way of retrieving meaningful information from lardata pools is summarization by informa-
tion clouding, which is accomplished by fuzzy classificataf data. (Shenoi, 1995) uses classification
for information clouding in database security. In data gsial classification can be used to reduce the
information volume by increasing its density. Thus, infation clouding can hide unwanted details to
facilitate decision support by summarizing and aggregadiia in an information system.

In OLAP, data are consolidated along multiple data conatilich paths calledlimensions Data
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consolidation paths can be expressed by context clasgifidaierarchies on dimensional attributes. In
crisp classification, information clouds are sets of daganeints. In fuzzy classification, these clouds
are described by fuzzy sets. Using fuzzy classificatiofiedift levels of dimension classification form

afuzzy data consolidation path

1.2 Thesis Objective

The main thesis objective is to show a possible applicatidnazy classification to OLAP by designing
a framework for fuzzy data consolidation, and by implem&gta prototype based on the proposed
framework. As stated in (Meiegt al., 2003), we assume that using linguistic variables, an aigly
tool can provide a more natural classification of data in @ d&rehouse. Thus, the objective is (1)
to provide a framework for the use of linguistic variablesl &nzzy classification in OLAP cubes, and
(2) to demonstrate the framework’s feasibility by the inmpéntation of a prototype OLAP application
supporting fuzzy data consolidation.

The framework proposes five levels of data consolidatiorniljwstrated in Figure 7.1. On the first
level, there is the basic data stored in a base relation. ®sdhond level, the dimensional attributes
of that relation are categorized using fuzzy contexts. @rlhiird level, tuples of the base relation are
classified using the dimension categories as classifictgatnres. On the fourth level, the tuple classes
are aggregated using standard aggregation functions. ©toghlevel, these aggregated data element
classes are presented in a fuzzy OLAP cube, which providestadimensional access to all aggregated
classes together with the possibility of manipulating thbeccontent.

Accordingly, the thesis objective is the description ang@lementation of every component of the
framework. Thus, the thesis objectives are tlesign of a frameworknd a correspondingpftware
implementatiorfior each of the following points:

1. Multidimensional information: The data domain in whitie tanalysis takes place.
2. Fuzzy categorization: Assigning dimension values tegaties based on fuzzy contexts.

3. Fuzzy classification: Assigning tuples to classes baseth® dimension value categories of a
tuple. In an OLAP cube, there is one class for every comlonaif dimension values.

4. Fuzzy aggregation: Summarizing attribute values of diments in a fuzzy class using an ag-
gregation function.

5. Fuzzy OLAP cubes: Layout, navigation and manipulatiothote aggregated classes.

1.3 Approach

Our approach proposes the application of fuzzy classifinat data consolidation in multidimensional
data analysis. Specifically, dimension value classificaisduzzified. In fact, dimension categories can
be expressed by a classification of the dimension’s domaiugh fuzzy contexts.

The approach will fulfill the thesis objectives by providiagheoretical framework and a practical
implementation of each of the five points outlined by Figurke The general framework for fuzzy data
consolidation will be presented in Chapter 7, whereas tidementation of a prototype is described in
Chapter 8

1. Multidimensional information: In Section 7.1, the coptef information space is defined by the
Cartesian product of orthogonal attribute domains.
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2. Fuzzy categorization: In Section 7.2, fuzzy dimensidegarization is described by fuzzy parti-
tions of the dimension’s domain. A fuzzy context class witdael a dimension value category.

3. Fuzzy classification: In Section 7.3, fuzzy classificaii® described as the process of assigning
data elements to fuzzy sets by using fuzzy dimension valtggjodes as classification features.

4. Fuzzy aggregation: In Section 7.4, the standard relatiaggregation functions are fuzzified in
order to apply them to fuzzy sets of tuples.

5. Fuzzy OLAP cubes: In Section 7.5, fuzzy OLAP-cubes arerilesd as a collection of data cells.
There is one data cell for each combination of dimensionesl&very data cell corresponds to a
class of tuples, where the dimension values are the clagsificfeatures. A fact in a data cell of
a cube presents an aggregation of the measure attributadbiteple in the corresponding class.
Furthermore, a set of basic operators for the manipulafi@onsolidation paths is proposed.

The thesis is structured in three main parts. In the first, plagt technological background is pre-
sented. A section on data warehouses discusses two defindfahe term and gives an overview of
system components, processes and information structasesided by (Lehner, 2003). A second sec-
tion on e-Health contains some background, examples anddssbout the relatively new topic, and
discusses an existing implementation of a clinical dateetvanse. The second part summarizes the
theoretical state of the art of data models, fuzzy sets agidadpplications, and fuzzy context classifica-
tion. In the third part, the main thesis approach is presemeramework for multidimensional fuzzy
classification for OLAP-cubes is formally developped. lastichapter, the feasibility of the application
of fuzzy classification to OLAP-cubes is shown by an impletatton of a prototype OLAP application.
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Chapter 2

Data Warehouse Systems

In this chapter, the concept of data warehouse systemshsral@d. The origins as well as current
developments in the field are presented. In the first sedfigiinitions of the data warehousing concept
of (Inmon, 1996) and (Lehner, 2003) are compared. In thersksection, the components of a data
warehouse system, its applications and processes, ashadesby (Lehner, 2003), are summarized.
Third, an overview of OLAP and multidimensional analysigigen. The last section mentions four
recent technological developments in the field.

2.1 Definition of the Data Warehouse

What is a data warehouse? Bill Inmon is cited very often aethseto be the father of the term. In fact,
Inmon'’s definition goes back to the first edition of his boolufling The Data Warehouse” from 1993.
Probably, the article before the noun is deliberately usetie specific form, in order to emphasize the
fact that there is supposed to be only one data warehousedrganization.

Wolfgang Lehner, a researcher in data warehousing, hasthegeiblished a profound and compre-
hensive book on data warehouse systems in German (Lehi@).28e references Bill Inmon, but his
book also contains a more elaborate definition of data wargheystems, which will be presented in
the section on data warehouse system components.

2.1.1 Inmon’s Definition

According to Bill Inmon (Inmon, 1996), a data warehouse isatdject-oriented, integrated, nonvolatile,
and time-variant collection of data in support of managetaatecision support process.” Inmon de-
scribes the components of his definition in the following way

e Subject-oriented:Operational databases are organized around applicafitims company. Con-
trarily, the data warehouse is oriented towards the majgjestiareas of the corporation that have
been defined in the data model.

e Integrated: In a large corporation, data is usually stored in many diffielegacy databases.
Often, there is no consistency in encoding and data types data warehouse contains data that
has been cleansed of all inconsistencies stemming fromndggteeous operational applications.

e Nonvolatile: In operational databases, records are regularly updatkdnanipulated. In con-
trast, data that has been loaded into the data warehousealyamecaccessed for reading.
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e Time-variant: The content of the data warehouse grows over time, where guiarebasis a
snapshot of current data is entered into the data pool. Thetkecture of the data warehouse
always contains time.

e Collection of data in support of managements decision stipocess: Being a decision support
system, the data warehouse is about going from data to imftiom It's about providing the
management with valuable information upon which criticatidions can be based. The data
warehouse integrates the corporation’s data in order tlitéde the creation of valuable decision
support information.

According to Inmon, the most important design issue for @ avarehouse is granularity, the level
of detail in the data. The more data is summarized, the comrige granularity. Through granularity,
the volume of data is traded off against the possible levdktdil of a query.

2.1.2 Lehner's Definition

Based on Inmon’s definition, Lehner has introduced an exdénersion of that definition in (Lehner,
2003). He defines data warehouse systeas a collection of system components and data bases which
satisfy the following conditions:

e Analysis-oriented data organizationData organization is logically and physically directed to-
ward analysis. This organization is preferably multidisienal, where quantifiable facts are
distinguished from descriptive dimensions.

e Integration of data from heterogeneous source systeData is extracted from different sources,
cleansed, and collected in an integrated data basis.

e No updates by users: Users of a data warehouse system can access this systenadinge
only. The data base is periodically filled with new data frorteenal source systems by an
administrator.

e Optional historization of data:Data that has been written into a data warehouse system ®nce i
not to be overwritten, but extended. Thus, a historizatiostates of the source systems emerges
over time. Lehner writes that this historization, espédgiahe with explicit temporal model
support, is often not implemented due to limited memory spac

This definition differs from Inmon’s definition in two main pus. First, for Lehner, the temporal
component is optional, whereas for Inmon, the collectiosrapshots of the source systems, the his-
torization, is necessary. Second, Lehner assumes thedimétisional organization of data in the data
warehouse. In Inmon’s sense however, data in the data waseh® not necessarily multidimensional.
In order to provide data for OLAP, Inmon proposes specidlegplication databases called data marts,
which are specialized multidimensional databases for aladdysis.

Lehner as well as Inmon stress the aspect of integrationeamtist important purpose of a data
warehouse. Additionally, Lehner writes that a data warskowould not even be necessary if the
company-wide data model was implemented correctly onapkrable databases, because there is no
need for integration if there is no inconsistency or hetermity in data storage systems.

2.2 Data Warehouse System Components

Lehner describes the systems and processes that belongta awatehouse. A data warehouse system
consists of up to six components. Data in a data warehousensyis processed by each of these
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components. Figure 2.1 illustrates this data processimgravthe arrows represent the flow of data
elements between the different system components.

- data analysis e RS
T S
1 data allocation > dispositive
data bases

N —

-
— data consolidation P consolidated
data base
T -
- =
|| data acquisition q
data transformation data store

metadata

" data source
repository

- -~

Figure 2.1: Components of a Data Warehouse System (Letd@3) 2

e Data sources: Systems or files that are direct or indirect suppliers of ttatthe data warehouse.

e Component for data acquisition and transformatioA: data pool which integrates data that has
been extracted from the data source. Raw data is loadedistodmponenti¢ad timé first, and
then it is cleansed an transformed in order to achieve d&dgrity in the data warehouse.

e Component for data consolidatioAfter the cleansing process, data is added to the consetidat
data basis of the data warehousefresh timé¢. The consolidated data base is an organization
wide, application-independent storage of detail datatferdata warehouse.

e Component for data allocation: Contrary to the consolidated data basis, the dispositite da
basis is biased toward a specific application. Data in a ditipe data basis is structured or
summarized according to the requirements of the applicatitew data in the consolidated data
basis is updated in the dispositive data basis.

e Component for data analysisThis component encompasses all applications and data thedes
serve as specific user interfaces for exploration of thematarial. Typically, a multidimensional
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data mart, in the sense of (Inmon, 1996), is a multidimeradidatabase specifically designed for
multidimensional data analysis, which is fed by a dispesitiata basis.

e Metadata repository: All processes and structures whithin a data warehousemsysteuld be
documented. The metadata repository component serves@agessystem for metadata, which
describes the data sources of a data element as well as tliedgmocesses and transformations.

To summarize, a data warehouse system is a collection dbalsea and processes that allows col-
lection, integration, storage, allocation and analysidaté. Furthermore, metadata stores for each data
element the path and transformations it experienced dedieh process.

2.3 OLAP

According to (Lehner, 2003), the primary aim of a data watsgosystem is to integrate data from a
large number of sources to provide a consolidated data,hakish serves as a data basis for several
analysis applications. There are many different analysifst for example standard reporting, data
mining, or data visualization. The most well known applicat which is often mentioned in the context
of data warehouse, is OnLine Analytical Processing, or OLAP

2.3.1 Definition of OLAP

The authors of (Codd, 1993) describe an approach to datpbasessing which they call OnLine An-
alytical Processing (OLAP), being opposed to OnLine Tratisaal Processing (OLTP). The authors
argue that the data volume of organizations is constanthyigng, and that the proper use of this datais a
competitive advantage. They describe the major shortopwfimany DBMS products: “Most notably
lacking has been the ability to consolidate, view, and azeatiata according to multiple dimensions.”

In traditional database front-ends, once the data had beeeved from the database, the ability
to aggregate, sum, consolidate or analyze that data wasnaady limited. The solution the authors
propose is OLAP, a framework for multidimensional data gsial The concept of an OLAP server
is quite similar to the one of a data warehouse system: itspéaynediating role for heterogeneous
information systems. Multidimensional analysis is an agion which runs on the data provided by
the OLAP Server. This kind of analysis allows the navigatmm manipulation of data using many
consolidation paths callegimensions

The authors have created a list of features that a producticiave in order to be suitable for
OLAP. The following summarizes the most important pointshatt list:

e Multidimensional conceptual viewT he user view of data should be multidimensional, because it
facilitates data analysis. Slicing, dicing, pivoting anthtion of consolidation paths (dimensions)
should be possible.

e Transparency:Facts such as data residing on a remote server, or that datarb&rieved from a
heterogeneous data source, should be concealed from the use

e Accessibility: The analysis tool must map its own logical schema to hetereges physical data
stores, access the data, and present a single, cohererdrsistent user view.

e Consistent reporting performanceAs the number of dimensions or the size of the data base
increases, the user should not perceive any significanadaton in reporting performance.
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e Client-server architecture: It is mandatory that the OLAP product operates in a clientese
environment, since most of the users work with personal ederp, and most of the data is
stored on remote database servers.

e Generic dimensionality:The basic data structure, formulas, and reporting fornfaislgl not be
biased toward any one data dimension.

e Multi-user support: The OLAP tool should provide concurrent access to many wdhe same
time.

e Intuitive data manipulation: Manipulation of consolidation paths, such as slicing, rticand
roll-up, should be possible by direct action upon the calithout menu access.

¢ Unlimited dimensions and aggregation levelsthe model should not restrict the user analyst
to a certain number of dimensions. In practice, the authoggest fifteen to twenty possible
dimensions.

Unfortunately, (Codd, 1993) is not an independent researtitle, but a white paper sponsored
by Hyperion Solutions. It is no surprise that the authorsctute their paper showing how Hyperion
Essbase satisfies all the previously mentioned conditi@n®ELAP products. Anyway, the conclusion
the authors give is itself a motivation for OLAP: “The quulitf strategic business decisions made as a
result of OLAP is significantly higher and more timely thangk made traditionally.”

2.3.2 Multidimensional Data Analysis

Data analysis aims at extracting information from data. tMirhensional data analysis is the process of
consolidating data with respect to certain data domaineddimensions These dimensions structure
the data space of analysis, which allows to calculate a dspecific statements for every combination
of dimension values.

Multidimensional information is often described aglata cube Dimensions present structural
information, similar to coordinates in a three-dimenslandoe. A data cell is addressed by a tuple of
dimension values. Every data cell containfaet A fact is an aggregated factual information about a
measure attributeThe measure attribute is the attribute whose values anegagd according to the
cube’s dimensions.

For example, consider a three-dimensional data cube asxshdvigure 2.2. There are three dimen-
sions, calledage, city andwork . Let us assume that we want to express facts regarding thberum
of patients in a certain city, of a particular age and in a ggagork branch. Thus, the measure attribute
in our example cube is the attribytatient and the dimensions alecation ageandwork.

The data cell addressed by the dimension valage = 26, work = IT and city =
Fribourg contains a fact, which is an aggregation of a set of tupldsfgatg these dimensional
conditions. In this example, we aggregate the tuples usiagadunt aggregation function. The fact of
a data cell is calculated by counting the number of meastnibte values (patients) which satisfy the
dimensional conditions of the cell.

According to (Codd, 1993), multiple dimensions are usedifiia analysis. “Data consolidation is
the process of synthesizing pieces of information intolsibdpcks of essential knowledge. The highest
level in a data consolidation path is referred to as that'sldianension.” Dataconsolidationmeans
summarizing tuples according to dimension values (or categ). A consolidation path is a series of
categories for the dimension values. If dimension attabware categorized, their domain is partitioned
by values in the same category. This kind of hierarchicagatization leads to a consolidation path
with different levels of categorization. For example, ddes a dimension calle@imeOfVisit . As
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Figure 2.2:Multidimensional Information on Patients
illustrated in Figure 2.3, the domain of possible time startgn be categorized by day, month or year.

In our previous example, a consolidation path for the attebity could belocation , wherecity
summarizes toegion , andregion summarizes toountry

Time (00)

11

Year [ 2004 2005 2006 }
I |
\ \ \

Month [ 12.2004 01.2005 02.2005 }
I I \
\ \ \

Day [ 31.12.2004 | | 01.01.2005 | 02.01.2005 }

Figure 2.3: A Consolidation Path for AttributemeOfVisit

As described in this section, OLAP data analysis lets the teggort facts in dependency of di-
mensions. While analysis is proposed to be multidimensidhe preferred physical storage scheme
in (Codd, 1993js relational (Lehner, 2003) states that multidimensional data modedim the level
of the storage system, be it physical or logical, is centraldata warehouses. Since data warehouses
are built with an orientation toward analysis, he thinkd thaltidimensional modeling is the best ap-
proach. The author distinguishes qualifying informatioonfi quantifying information. Dimensions
present qualitative information, while the facts are gitative.
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Anyway, there are reasons against multidimensional moegeilt the core of the data warehouse
system. Many researchers think that it is important to tdéaensions and measures symmetrically.
With this approach, measure attributes and dimensiotbatés can be interchangeably defined within
the process of analysis. For example, two different cubedeabuilt on the same data space, where in
the first cube, an attribute is a dimension, and in a secongl, ¢his same attribute functions as measure.
Perhaps it is best to leave dimensional modeling to an OLA#i@giion, especially the definition of
guantitative and qualitative attributes.

In fact, this is the approach that Bill Inmon had in mind. Inrflon, 1996), he distinguishes between
the data warehouse on one hand, dath martson the other. The latter are multidimensional databases
specially built for OLAP, which are fed with data from theegtated data basis of the data warehouse.

2.3.3 OLAP Operators

The manipulations of consolidation paths in multidimensiadata analysis are often referred to as the
application of OLAP operators to data cubes. There are ak@trAP operators that are common to all
OLAP products. The following points summarize the ones nresfuently used, and gives examples
referencing Figure 2.2.

e Slice: Slicing a cube by a value means fixing the value of one dimensite resulting cube
contains only the data cells which are addressed by thedice. For example, if we slice the
dimensioncity in Figure 2.2 by the valu&eneve, only data cells with a location equal to
Geneve will be contained in the resulting cube.

e Dice: Dicing a cube means restricting the domain of the cube’s dgioes. The resulting cube
contains data cells within the restricted domain of the disi@ns. A dice operation corrseponds
to a slice operation on multiple dimensions using multipleesvalues. For example, we could
restrict the domain of the dimensidocation  to locations in Switzerland. The resulting cube
only contains data cells where the location is in Switzetlan

e Drill:  To drill a cube dimension means to change the consolidaéeel lof that dimension.
Drill-down stands for changing the level toward more detaifiner granularity. Roll-up means
to change the level toward more summarization or coarsenugety. For example, we could
roll-up dimensiorlocation ~ fromregion tocountry , ordrill it down tocity

e Pivot: Pivoting a cube changes the order of dimensions. This iseadtyra cube operator, since
it does not affect the data cells. Pivoting is a visualizafeature of the user interface.

2.3.4 OLAP Implementation

There are different possible OLAP implementations. Whetha user interface allows a multidimen-
sional access to the data, this data does not necessaréyttée represented in a physically multidi-
mensional data structure.

If the underlying data base for the OLAP application’s ddtaciure is relational, we speak of
ROLAP, or Relational Online Analytical Processing. (Cofi93) proposes a relational data structure
for data storage with a multidimensionader interfacebut the underlying data remains relational.

For ROLAP applications, the usual data model is the star owfiake schema. As described by
(Meier, 2001) and (Colossit al., 2002), this schema implements a fact table, which contam$&cts
for every combination of dimension values, and a set of dsimmtables containing the dimension
values and their consolidation levels. As illustrated igufe 2.4, the fact table contains values for
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Dimension Table n

Basic Granularity | Category 1 Category n

Dimension Table 1 Fact Table

Basic Granularity | Category 1 Category n Dim1 1 .. Dim n Fact

Figure 2.4:The Star Scheme: Fact Tables and Dimension Tables

combinations of dimension values of basic granularity. dineension tables indicate to which category
the dimension values belong. Based on the dimension tab&efct values can be aggregated according
to the consolidation levels using the corresponding dinoensategories.

If the underlying data base has a physically multidimersistructure, that kind of implementation
is called MOLAP, or Multidimensional Online Analytical Rressing. (Lehner, 2003) points out that,
although many have propagated the adequacy of physicallfidimensional data storage, there has
been little success of such systems. The author mentiortgdlimegnsional B*-trees, a combination of
one-dimensional index structures, as possible physigakimentation.

2.4 Data Warehousing Technology

This section describes four technologies that have recéetn or are still being developed for data
warehousing and OLAP: First, extensions of the SQL langir@igeduced in order to provide a certain
OLAP functionality; second, MDX, a multidimensional quéanguage; third, CWM, an interchange
format for data warehouse metadata; and fourth, JOLAP,a ARV for OLAP.

2.4.1 SQL Extensions

(Lehner, 2003) and (Colossit al., 2002) describe some extensions of SQL for OLAP, which are
supposed to add some OLAP functionality to relational dagab. These additional SQL-operators,
first introduced by (Graet al., 1997), areCUBE ROLLUPand GROUPING SETSn fact, these
operators are extensions of tB&OUP BY¥lause, which is mostly used in conjunction with aggregate
functions. Those aggregate functions return a single vadua result of an operation conducted on a
set of values. Th&ROUP BXlause groups the set in order to provide a series of setsstbomith
aggregate functions (Kriegel & Trukhnov, 2003). The follogypoints summarize the explications of
those operators in (Colossi al., 2002):

e ROLLUP: This operator is an extension of tl@&ROUP BYXlause which, based on a list of
columns, generates multiple subtotal grouping clausegs Ads the effect of a hierarchical cal-
culation of sum values in a dimension of a cube.
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e CUBE: This operator is an extension of tROUP BYlause that generates subtotals for all
permutations of the grouping columns, as well as the gratad tdpplying the cube operator to
a rollup for many dimensions returns a result that represszhierarchical OLAP cube.

e GROUPING SETS: This operator allows multiple grouping clauses in a singg¢esnent. The
primary benefit of this operator is that it limits the size oframary tables.

According to (Colosset al., 2002), in the early 1990, the SQL language had performarte#ems
in implementing large OLAP cube&ROUP B¥ould not return results for cells with different levels of
aggregation; when aggregates for various levels were ctedprows of the fact table were read repeat-
edly; SQL supported only a few aggregation functions; mat@agvas not part of the database catalog,
and thus, structural information was not available to quemypilers. The operators described above
provide a more efficient way for OLAP applications to accesdational database for summarized data.

242 MDX

Multidimensional expressions, or MDX for short, is a muilti¢tnsional query language developed for
Microsoft OLAP Services (Messerschmidt & Schweinsber@®30(Lehner, 2003) provides a short but
expressive description of MDX. The syntax is very similaB@QL. A general MDX query has basically
the following structure:

select

<dimension values> on rows

<dimension values> on columns

from <cube>

where <conditions>

The result of an MDX query is always a two-dimensional tableeselect clause selects axis di-
mensions of the two-dimensional result space of the quérg KEyword®n rows andon columns
have the effect that their corresponding dimension valoesliaplayed in the row headers respectively
in the column headers of the result table. Titwen clause indicates the data cube from which to choose
the results. Finally, thevhere clause allows to restrict the domain of a cube by a set of patels.

243 CWM

The problem of proprietary metadata formats is a restrictegtoperability of heterogeneous systems,
because the different metadata structures make the metxtadiange more difficult. The Open Man-
agement Group (OMG) has published a standard (OMG, 2008gtarwarehouse metadata interchange
in 2001, called the Common Warehouse Metamodel (CWM). A mettel is a framework for the de-
scription of models. CWM gives guidelines for the design afadwarehouse models. The aim of
this standard is to provide a flexible, vendor-independedtfarmally defined framework for modeling
structures and processes in data warehouses in an easiighiahgeable way.

This specification is based on accepted standards such as(UNified Modeling Language) or
XMI (XML Metadata Interchange). It provides a framework the metadescription of management,
analysis, resources, foundations and object models ofvdmtahouses. Additionally, it allows custom
extensions CWMX (CWM Extensions). The standard is quitersive; the specification has about six
hundred pages. CWM is a metadata modeling framework degdlbp and for industrial corporations.
However, for the prototype which has been developed in li@sis, applying the CWM metadata model
would present an unjustified effort. It would not make sensminply to a heavyweight standard whose
benefit is simplified metadata exchange, if the prototypes dia¢ intend to exchange metadata. That is
why a simple E/R framework for metadata modeling has beed.use



2.4 Data Warehousing Technology 14

2.4.4 JOLAP

There is a Java specification request (JSR) named JOLAP 2D8R) which is still under development.
The specification already has the status of a final draft, wisieow in the process of being approved
by a committee. This committee consists of renowned mentheis as Apache Software Foundation,
Apple Computer, Borland, Fujitsu, Hewlett-Packard, IBMadfomedia, Nokia, Oracle, SAP or Sun
Microsystems. The JOLAP specification aims at the developroga Java API for programming
OLAP applications. A JOLAP-enabled database product wdllitate the development of dimensional
reporting tools. The JOLAP API will be based on the same stedglas CWM, as well as on CWM
itself. Since JOLAP is still under development, it is defhjtworth a periodical examination, since it
promises to be the standard for the development of Java égijgns for OLAP in the future. Since
the JOLAP API package is not yet available, it has not beed tmethe implementation of the thesis
prototype.



Chapter 3

E-Health and Healthcare Information
Systems

This chapter begins with definitions of the e-Health conceftten it shows some interesting fields
of application, such as telemedicine, electronic patieobrds, the electronic health card, electronic
prescriptions or mobile healthcare applications. Aftettthe use of data warehouses in healthcare is
explained and a case study is described. Finally, ethichleyal issues of e-Health are stated.

3.1 Definition of E-Health

The term e-Health is generally understood as the use ofrirdtion and communication technology
(ICT) in healthcare. (Warda & Noelle, 2002) understandsténm synonymously with health telem-
atics, which means the use of telecommunication inforraatichealthcare. (Dietzel, 2003a) defines
e-Health as a description of all services, quality improgata and rationalizing effects which can be
achieved through the digitalization of data and commuioocaprocesses in healthcare. Contrary to
(Warda & Noelle, 2002), (Jahn & Nagel, 2003) explicitly digfuishes this term from the notion of
health telematics. In that understanding, the concept neayai any application of informatics in
healthcare, such as telecommunication systems, infoomagistems, or scientific computing. Every IT
platform deployed in benefit of healthcare quality can beensiod by this meaning of the term, for
example computer aided disease diagnosis or electronienpatcords.

The concept of e-Health is quite new, which is why the defingiare not yet standardized. Itis thus
arguable whether data warehousing in healthcare can bsifiddsas e-Health applications. Depending
on the definition of e-Health, if that definition encompasseslical information systems for decision
support, then data warehousing can be part of an e-Healticatpn.

3.2 Fields of Application for E-Health

In (Jahn & Nagel, 2003), the term e-Health is understoodtasvariety of aspects which arise from the
combination of information and communication technologghwnedicine-related fields of application
- with a focus on the consequences. Especially in this contles prefix “e-" is written in lowercase,

and the term “Health” is written in uppercase.” This bookgamets an overview of the possibilities
and consequences that arise from the combination of headttend ICT. An important project is the
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electronic health card, which, together with the elecitqaitient record and the electronic prescription,
will fundamentally change the healthcare system as we khow i

e As described by (Markus T.J.Mohr, 2003), the concept ofteldicine encompasses the elec-
tronic distant exchange of case related diagnostic an@pleetic data. The related communi-
cation process between medical professionals is callegdebkulting. For example, (Dietzel,
2003Db) describes how teledermatoscopy allows a dermasolmgtransmit microscopic images
of skin changes in order to get a diagnostic evaluation orcarggary opinion. The same pro-
cess can be applied in any other field of application whergadlignages or descriptions of the
patient’s conditions can be transmitted. Telepathologigradiology or even telepsychiatry are
mentioned. The unifying feature of these applications & the emplacement of medical coun-
seling or diagnosis is different from the location of theigat, and that distance is made possible
by computer telecommunication.

e In Germany and Switzerland, there is a current developméithwill replace the old health
insurance card: The electronic health card (e-healthcasdxplained by (Ramming, 2003a) and
(Dietzel, 2003a). It consists of a microchip on a plastiddcesntaining the ID number of the
health insurance client. As illustrated by figure 3.1, thgpan the card will provide memory
space for administrative data, for emergency data as wdtraslectronic prescriptions. Most
importantly, there is memory for the electronic patienomec

N

‘ Emergency data

<Patient-ID>

‘ Electronic prescriptions

‘ Administrative data }\
}/
k

‘ Electronic patient record |

‘ 4
| | | |

Health Insurance Pharmacy Hospital Medical Doctor Therapy

Figure 3.1:Role of the electronic health card in integrated healthcare

This card’s purpose is to document the patients diagnosedical treatments, disease history
and current health status in order to prevent double examirsa Furthermore, the card will play

an important role concerning electronic prescriptionsefmergency situations, the information
on the card may even save lives. The card will be accesseddynalcies, medical doctors and
hospitals as well as therapy centers. Electronic datafempsomises to be more efficient than
paperwork. In Switzerland, a field test is currently runnindg.ugano (Borchers, 2004). Since
November 2004, the Carta Sanitaria (http://www.retesgnscbeing tested over a time period of
18 months. In Germany, field tests will start in 2005.

e Electronic drug prescription is one of the key applicatiofighe electronic health card. Pre-
scriptions will be digitally stored on the patient’s chiprda This will improve the processing
speed of the data in connection with prescriptions. Phaies@an directly process prescriptions,
and check them for unwanted side effects or individual ingatibilities of the prescribed drugs.
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Processing will be faster, more efficient, and more accurdfeto now, only prescription-free
drugs can be sold over the internet. (Apermann, 2003) goéx s to propose an online phar-
macy, where electronic prescriptions on the electronittheard could enable a patient to order
prescription drugs online.

e (Schramm-Wolk & Schug, 2003) distinguishes different Isvef electronic patient records
(EPR). On the first level, there is computer support for tleation of a medical record on paper.
On the second level are scanned medical records using dotimmeging. Level three encom-
passes an exclusively computer-generated medical regpeshfinstitution. Level four denotes a
patient-centered collection of data from medical recofdewel three from different institutions.
Together with the introduction of electronic health cartihe electronic patient record of level
four will arrive. That is, the complete medical history of atignt will be stored on his health
card. On one hand, if that card is the only central storagm the patient is responsible to whom
he is willing to disclose information about his medical retoWe will discuss the ethical and
legal aspects of electronic patient records later.

The electronic patient record has an important role in thdehof integrated health care presented
by (Ramming, 2003b), as shown in figure 3.1. All stations iredes of treatments, beginning
from the general practitioner, over the specialist and thephal to rehabilitation therapy, access
the EPR in order to retrieve necessary parts of the patiergttical record.

3.3 Data Warehousing and E-Health: The Clinical Data Ware-
house

The motivation for the use of a data warehouse in healthcarde described by its contribution to the
healthcare value. This value can be modeled by a value aim¢Hchilp & Gilbreath, 2000):

_ Clinical Quality + Customer Service

Value
Cost

That value indicates the relationship between quality @mdise on one hand and cost on the other.
Considering that function, the motivation for a data wared®is either to increase quality or customer
service, or to decrease cost. For example, in a hospitalhmime is lost because of inefficient storage
of information. With an efficient data storage, hospital égpes spend less time for clerical work,
which leaves them more time for patient care.

The aim of a clinical data warehouse is to transform the eaat patient record into aggregated,
multidimensional information. (Ledbetter & Morgan, 20Qitppose a clinical data warehouse (CDW)
that is fully integrated into the electronic patient recard! the clinical decision support system. The
CDW does not contain a mirror image of the data in the traitssaitsystem, but a subset of data useful
for retrospective aggregatio analysis.

A data warehouse in healthcare supports the medical st#fkindecisions. The system provides
information upon which the decision makers can base thdgruent. This information can be adminis-
trative in nature, it can concern the management of the tad'sgnfrastructure, or even the treatment of
patients. Anyway, the decision makers will try to get usefelv information through the retrospective
analysis of available data.

The following subsection discusses a case study of a dathwase implementation in an academic
medical center.
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3.3.1 Case Study: A Clinical Data Warehouse Implementation

At the university of Virginia, a clinical data warehouseledlclinical data repository (CDR) has been
implemented (Einbindest al., 2001). CDR presents a ROLAP implementation of a data wargto
which draws data from four different information systemsst: there is the record of patient visits,
available from shared medical systems. Second, billingstations are imported from a billing infor-
mation system. Third, laboratory results are integratet fourth, clinical details for thoracic surgery
cases are stored inside the data warehouse. This systeidgwsaata integration on heterogeneous
sources. The developers plan to integrate more sourcels,asumicrobiology results or outpatient
prescribing information.

The user interface runs in a standard web browser. SQL staisrare generated automatically in
response to point-and-click actions by the user. The iaterenables ad-hoc queries without knowl-
edge of SQL. The application generates SQL statementep#ssse to CGI programs which execute
database queries, and return dynamically generated weds p&ueries are not multidimensional, but
relational in nature. A user can define a population of irseby setting conditions for the query.
However, no explicit OLAP functionality is described, et roll-up, slicing nor dicing.

The case described by (Einbinddral., 2001) presents an example of how information sources can
be integrated in order to create a central data repository fmspital or medical center. Yet, apparently
the system does not provide more analytical OLAP-funclipnavore specifically, what is lacking is
multidimensional data analysis, that is the calculatiofaofs in dependency on several dimensions and
their consolidation levels, together with operators to ipalate these facts.

3.4 Ethical Issues

The sixth paragraph of the Hippocratic Oath reads “What&wveonnection with my professional prac-
tice or not in connection with it | see or hear in the life of mehich ought not to be spoken of abroad
I will not divulge, as reckoning that all such should be keptret.” When information is encoded
digitally, every copy is an original, and it can be transadtto everywhere within no time. The same
holds for medical information. Thus, privacy of medicaldnhation in an e-Health application must be
ensured - especially when it comes to the electronic patéstrd.

(Krohs, 2003) proposes the analogical application of biticed ethics described by (Beauchamp
& Childress, 2001) to the field of e-Health. The four basiapiples are respect for autonomy, benefi-
cence, non-maleficence, and justice. First, patient'®astshould not be subject to external influences.
Second, all actions should be chosen in order to maximizedtient’s benefit. Third, actions should
not harm the patient in any unnecessary way. And fourth, ¢ttiergs should be just in a way that treats
all patients equally.

If we apply these principles to e-health, then this meansigieeof information- and communication
technology with respect for the autonomy of the patient,\was that is beneficent and non-maleficent,
and just. If a computer system used for healthcare complitbstiaese principles, then that system can
be said to be an ethical e-Health application.

3.5 Legallssues

There are several legal questions that arise with the us€Dfdr healthcare (Schlegel, 2003). First
of all, telecommunications rise the question of jurisdinti The principle of territoriality states that all

activity principally falls under the jurisdiction of the grlacement of that activity. Another issue is the
regulation of information that may or may not be publishedr &ample, in the European Union one
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is not allowed to advertise in public for a prescription dridgoreover, the electronic patient record
concerns legal issue of data protection. The patient haggheto know what kind of information is
stored in his file, and he has the right to refuse disclosuiafofmation. In Switzerland, the current
legislation on data protection is enough restrictive to jy@liad to the sensitive data which is processed
in e-Health applications. (Schlegel, 2003) points out thair discussion mentions only a small part of
the legal issues that will arise with the pervasion of e-He@chnology. Furthermore, a legal judgment
of the issues is still far from clear, and will only emergesathe spread of e-Health technology.
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Chapter 4

Epistemology of Information Systems

Epistemology (Moseet al., 1993) is the philosophical study of the nature, sourced, lemits of
knowledge. In this chapter, the term epistemology of infation systems is understood analogically
as the study of the nature of knowledge in relation to itseepntation and processing in information
systems. The motivation for this chapter is to introducedfmsmalisms of knowledge representation
used in information systems, such as propositions, presticeelations, or dimensions, in order to make
use of these notational systems later in this thesis. Aattitly, this philosophical chapter title allows
a deeper philosophical examination of knowledge, inforomaand data in connection with strategic
information systems. First, the notions of knowledge, infation, and data are analyzed. Then, the
concepts of propositional, relational and multidimensiatata is discussed in detail.

4.1 Knowledge

In (Eysenck & Keane, 2000), knowledge is defined in termgmipositions which represent the
ideational content of the mind. Propositions are knowledigens, smallest statements about objects
and the relationship between them, which cannot be furthledisided. Usually, these propositions
are represented using predicate calculus. For exaropldook, table)states the spatial relationship
between two objects of the world.

A somewhat different definition we find in (Davis, 1990): Krledge is described as the state of
a machine, which is said to know propositidhwhen it is in stateS, if, whenever the machine is in
stateS, P is true. This is quite an abstract definition, but interegtinknowledge is not restricted
to human beings. Basically, knowing something means, foatestract machine, being sure that the
logical implicationS — P holds. A definition of knowledge which was generally accdptatil the
Gettier problem was suggested by Plato (Meno, 97e -38adpwledge is justified true belieThat is,
knowledge consists of propositions which we believe to be,tthat we have some justification for
believing so, and that are actually true.

Aristotle wrote about the generally knowable in MetaphgsiBook IIl, Part 4. All things that
we come to know, we come to know in so far as they have someauditiglentity, and in so far as
some attribute belongs to them universdliknowable substance impliamity, identityandattributes
Interestingly, relational tuples present building blodk&nowable substance in the sense of Aristotle:
Every distinguishable tuple is a unity in form of a collectiof values. The tuple identity is a symbol
that identifies each tuple, which is given by the primary kagitaute. And finally, the attributes of a
tuple are the instances of attribute values for every attgilof the relation.
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Philosophers do not agree on what knowledge is. Furthertioeg still discuss whether or not it
is possible at all to know anything for certain. This is cdllkepticism. It has a lot to do with the
concept of truth. Therefore, it is courageous to talk aboatedge as quantifiable commodity, as do
certain adepts of knowledge management. However, philesgseem to presuppose a concept which
they callbelief: A proposition is a representation of a state of the world thgossibly true. Our
belief is the set of propostions which we believe to be true. Thetepislogical question of how we
canreally knowfor certain that such a belief is true is not interesting inreection with information
systems. If we concentrate on the connection of knowledgeiriormation systems, we must ask
“what is a proposition, and how can it be represented”? Hin@wvable(in the sense of Aristotle) is
the stuff that is described by every data model, and refdaodxyy any data base entry. Therefore, the
following sections will concentrate on representationshef knowable. ALogic is a schema for the
development of languages for knowledge representatiothdrollowing subsections, we will present
the propositional calculus as well as the predicate cas;witnich are frequently used logical systems
for knowledge representation.

4.1.1 Propositional Calculus

Classical, two valued propositional calculus is the die#of reasoning about propositions. A propo-
sition can be any statement to which a truth value (true @ejatan be assigned. In propositional
calculus, those propositions are represented by variaBlesording to (Nguyen & Walker, 1997), its
syntax is defined by a set of propositidrisa set of formulag” and a truth function.

Letthe sel” = {v1,vq, ...} be the set of elementary propostitions (statements, Vaggtwhich can
be true or false. The sét = {¢1, ¢2, ... } of formulas can be constructed by composing propositions
using the Boolean operatofs(and),V (or) and— (not): Every proposition is a formula. ¢§ andt> are
formulas, therp A ¢, ¢ V ¥ and—yp are formulas.

The semantics of propositions is described by a truth fongti: V' — {0,1}. This function is
a mapping from propositions to truth values, which assigneviery proposition a value 1 (true) or
0 (false). This truth function can be extended to formulabe Tunctiont : F — {0,1} is defined
recursively over the semantics of the Boolean operators:

e If pis a proposition¢(p) = t(p).

o If pisaformulai(—y) = { (1) glégp) =0

e If o andy are formulast(y A ¢) = { (1) glg(ew) =t(y) =1

o If p andy are formulasf(p v ) = { (1) glg(e@) =1(y) =0

4.1.2 Predicate Calculus

As explained in (Davis, 1990), the predicate calculus, &smwvn as first order logic, is the most im-
portant and commonly used logical system. It is known to Bficgently powerful for classical math-
ematics. The predicate calculus presents an extensioropbgpitional calculus by giving propositions
an inner structure. This subsection will explain some besitcepts, but we are not going into details.
The point is to show the connection between relations andeh@antics of predicate logic. Thus, we
are omitting the notion of quantification here.
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A languagel. described in predicate calculus contains function syméadspredicate symbols. Ev-
ery function symbol with zero places¢anstant symbdis aterm If eacht, is aterm, therf (¢4, ..., t)
is a term, wheref is a k-placefunction symbol If eacht; is a term, themp(¢4, ..., t,) is aformula
wherep is an-placepredicate symbolFurthermore, connections of formulae with Boolean opesat
as described in the previous section, are formulae.

As illustrated by Figure 4.1, the semantics ofaaguagein predicate calculus is defined by an
interpretationof the function and predicate symbois a universe of discourseThe semantics of a
predicate calculus languadeis derived from an interpretatioh within a universe of discourse or
domainD. This kind of semantics is called Tarskian Semantics:

e An interpretation/ associates

— every constant symbelin L with anelement! € D;
— everyk-place function symbof with afunctionf! : D* — D;
— and everyh-place predicate symbplwith arelationp’ C D",

e If in an interpretation/, a termt stands for an element of the domaire D, we writet! = d.
The truth value of a formula in an interpretatiod is denotedy’.

e A predicate statement = p(t1,. . .,t,) of L is true if the corresponding relatigri contains the
tuple(t!,... t1). Thatis,
(t,-- - th) ep’ = o' =1

(t{avtfz)¢pl = QOI:O

e Connections of formulae with Boolean operators have theessemantics as in propositional
calculus.

‘ Universe of Discoure ‘

‘ Interpretation ‘ _—

‘ Language ‘

‘ Constant symbof ‘

‘ Function symbo/ ‘

Predicate symbo! ‘

Figure 4.1:Semantics of the Predicate Calculus

Predicate calculus allows to form languages powerful ehaaglescribe mathematics. The seman-
tics of those languages are determined by functions antiae$a Since all functionare a special case
of relations, we can express the semantics of a languagelgrity a set of relations. For the epistemol-
ogy of information systems, this means tiglations are powerful enough to represent any knowable
substancelescribable by a first-order language. The consequencefomation system design is that
relational database systems are sufficiently powerful fmvdedge representation.
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4.2 Information

Information theory is the study of entropy in signal transsion. In this context, information is defined
as the change of uncertainty about a proposition. Signakinissions change the probability for a
given proposition to be true, and this change is the quaatitgformation, which is measured in bits.
In this section, however, information quantity is neglei¢tnd thus we are not describing the concept of
information entropy in detail. What we are interested irhisrtatureof information insofar as it is used
to support decisions in business processes. Thus, the@uesstvhat is the substance of informati®n

(Claus & Schwill, 2001) distinguishes signals, messagats,@nd information very clearly. On one
hand, signals are elementary noticeable changes, dat@gyaedss represented by digital symbols, and
a message is a sequence of signals including its temporaptil arrangement. Information, on the
other hand, is defined in terms of three pasimtax, semantics and pragmati&yntax states how data
has to be arranged, semantics denotes the meaning assighedlata, and pragmatics means the intent
of the message. What logicians often neglect is pragmdtican be observed that an information flow
always implies a change in the state of the world. Thus, médion is often emitted or collected with a
specific intention.

As we have seen in the previous section, propositions caxpessed by a languade where
the elements of that language, called symbols, denote alsno¢ a universe of discourse (function
symbols) or the relationship between them (predicate syshbt we consider the individuals of the
domain as the objects of knowledge, then informatioa igpresentation of those individuals or the
relationships between thenThe syntax of information can be expressed by a predicatpukgel,
while the semantics of information are given by an intergien 7.

Knowledge is in the mind, but information is an external eggntation. Knowledge is the intention,
and information is the extension. Information is used toestw transmit propositional knowledge about
the world. Information systems have been developed antdxaktly for this purpose, but all they can
handle are the symbols or data elements. For short, infosmistknowledge representation using data
symbols.

In that light, information which is used for decision suppmrght to provide a manager wightopo-
sitions(that is, knowledge) which imply the right (or most valugldecision. A data warehouse must
therefore allow theonsolidationof huge amounts of data during the process of data analpsisder
to extract propositions that are true for a wide range of é&ments. This consolidation is achieved
by reducing many data elements to classes of data elemdmse$ulting statements are consolidated
insofar as there are less statements for only a few elemesaes.

4.3 Data

(Claus & Schwill, 2001), contains a definition of data: A datis a smallest, undividable element of
a data type. In informatics, this term is often defined as aadigr a message which is encoded in
a way that it is processable by a machine. In a nutshedtlia are signals that encode information,
and information represents knowledgi we consider data as digital symbols, then informatioa is
representation of knowledge consisting of those symbols.

Thus, data are symbolsfrom adata domainD. If these symbols € D are combined according
to the syntax of a language, they can be used to convey medfongxample, in written language, the
basic domain of data symbolslis U S*, whereD = {0, 1, ..., 9} is the set of digits§ = {q, b, ..., Y, Z}
is the set of letters, anfl* denotes the set of possible concatenations of elementsfigsts.

In information systems, especially in a data warehousadiagonal and the multidimensional data
model are basic models for data description. The followinlgsections explain these two models in
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detail.

4.3.1 Relational Data Model

The relational database scheme was first published in (Cb@idh)) and is extensively explained in
(Pirotte, 1982) and (Meier, 2001). It is based on the mathieadaoncept of relations.

Definition 1 A mathematical relatiotR overn setsS;, S, ..., S, is a subset of the Cartesian product
RC S xSy x ...x 8,
where each membey of this relation is an n-tuplé ¢;1, ..., ¢, ), ti; €55, j=1, ...,n.

If a relation is a subset of the Cartesian product gkts, and containg tuples, it can be visualized as
a table of n columns and m rows.

Definition 2 A relational attributeA; in a relation R is a unique name for a set in the domainfaf

The set of possible values for an attributgis called the domain aofi; and it is writtendom(A4;). The
Cartesian product of the attributes’ domains is called theain of R. The set of attributes will be
noted with a capital letted. Thevalueof an attributed; in a tuplet; will be noted

Ai(tj) = tij

Defined in terms of attributes, a relation is a subset of theeSE&n product over the domains of its
attributes:
R C dom(A;1) x dom(As) X ... x dom(A4,)

Example 1 Consider the relation 'patient’, as shown in Table 4.1. Tielgtion is a subset

patientC # x patient_idx bmix cstrl x d_bpx age

This relation is a simplified example of how a medical recoré-iHealth could look like. It stores
for every patient with a patient-identification ('patieid’) his or her body mass index (a key figure for
measuring the healthyness of the body wheight) in the atgittbmi’, the cholesterol level in 'cstrl’, the
diastolic blood pressure in 'd_bp’ and the patient’s agehe tattribute 'age’. The values are randomly
selected.

This example relation will be used throughout this thesigxplain the notion of fuzzy context
classification in OLAP-cubes.

In a database, tuples have an identification key, that is ettation of attributes which uniquely
identifies each tuple, and which is minimal. Usually, thisilatite is a numerical tuple identification.

In terms of predicate calculus, a relational scheme presefitst order language, where the tuple
data elements are constant symbols, every attribute isciidunrsymbol, and every relation is a predicate
symbol.

The relational algebra consists of a set of operators thabeaapplied to relations. First, all set
operators can be applied, since relations are themselt®snsamely sets of tuples. Thus, unian
intersectiom, set difference, and the Cartesian produst are part of the relational algebra (Meier,
2001). Additionally, there are three important relatiooérators: selectios, projectionm and joinx.

A selection on a relatio® by a predicateP returns a new relation, which contains all tupledin
that satisfyP:

op(R)={te R|P(t)}
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Table 4.1: Relation 'patient’, used as example throughout the paper

| # | patient_id[ bmi | cstrl | d_bp [ age|
1 A 19.7 140.7 | 92.4 35
2 B 19.7 1725 | 78.2 65
3 A 19.3 125.4 | 73.8 36
4 B 19.9 129.1 | 74 66
5 E 28.7 167.5| 115.2 | 26
6 F 27.1 283.7 | 96.5 64
7 G 17.2 142.2 | 91.8 45
8 H 19.25| 160.3| 75.4 34
9 | 15.8 233.6 | 94.6 76
10 | J 22.4 167.2 | 107.8| 72
11 | K 21.6 228.3 | 84.5 48
12 | L 24.2 256.9 | 68.6 94
13 | M 20.9 1445 | 93.7 59
14 | N 22.5 187.1 | 85.4 56
15| O 18.4 238.9 | 87.8 34
16 | P 23.2 174.7 | 86.7 56
17| Q 15.8 172.8 | 102.3 | 67
18 | R 27.6 227.4 | 73.6 34
19| S 18.5 2452 | 71.9 78
20| T 18.7 244.7 | 73.4 45
21 | U 15.3 278.9 | 107.6 | 23
22 | V 28.6 283.4 | 78.7 87
23 | W 29.5 288.7 | 99.8 58
24 | X 25.9 189.9 | 87.4 91
251Y 26 190 87.5 19
A projection of a relatior? on a set of attributed;, ..., A, returns a new relation which contains

all tuples ofR restricted to the projection attributes:
TAy, oy Al (R) ={ (A1(t), ..., An(t)) [t € R}

A join of two relationsR andS is in fact equivalent to a selection on the Cartesian prodtitie
two relations:
RNPSZO'P(RXS)

4.3.2 Multidimensional Data

We already have seen in Section 2.3.2, in data analysisiceatiaibutes can serve as dimensions of
interest, while statements are calculated in dependencyneénsion values. The Cartesian product
of the dimension domains present a grid for the aggregafiennseasure attribute with respect to the
dimension values. This grid is often referred to asihe The measure attribute aggregation is called
afact Every tuple in the Cartesian product of the dimensionaitaites representsdata cellin that
cube. Furthermore, for the purpose of data consolidationedsional values are assigned to classes
which are calledlimension categories
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In the multidimensional model, qualitative and quantiatattributes are distinguished (Lehner,
2003). Dimensions qualify, while measures quantify infation. That distinction can be made on the
level of multidimensional modeling. However, other apmtoas are possible, where all data domains
are equally treated as dimensions, but only in a specificyfieeicube), measures are chosen, and facts
are calculated about the measure attribute value for tHesupeach data cell.

Many multidimensional data models have been developedsiliédis & Sellis, 1999). There is
no consent whatsoever on what multidimensional infornrmat& or how it can be described. The
following subsection will discuss two different models asmples: Lehner’s model (Lehner, 2003),
which distinguishes between dimensions and facts on thed tfumodeling, and a model developed
by IBM Almaden Research Center (Agrawet al. , 1997), which treats dimensions and measures
symmetrically.

Lehner’'s Model

The model described by (Lehner, 2003) incorporates a méahdor dimensional data consolidation.
It distinguishes on the level of data modeling between dsiwaTs, facts and measures.
A dimension schem® consists of a partially ordered set of category attributes

({ D1,...,D,,Top, } —) (4.2)

where— denotes functional dependency afap;, is a generic maximal element in relation-te, such
that Top, is functionally dependent on all other category attributesrthermore, there exists exactly
one D; which functionally defines all other category attributes] shus presents the finest granularity
of a dimension.

In a multidimensional schemefact F' consists of a granularit§ such that

F=G={G,...,Gp}

is a subset of all category attributes in the existing dirr@nscheme®, . .., D,,. This subset satisfies
the following conditions: (1) evergr,; € G is an element of a dimension scheme, and (2) etgry G
is functionally independent from any othét, € G.

Based on a facF’, a measureM is defined by a granularity G and a calculation rifilg over a
non-empty subset of all existing facts

M = (G, f(F,...,Fy)).

A calculation rule is either a scalar function or an aggriegefunction.
Most importantly, a cube scheméconsists of a set of dimensional schenieand a set of measures
M:
C=(D,M)=({D1,....,Dp },{ M1,..., My }).

An extension of a data cube is defined bgartesian producbf the domains of all attributes contribut-
ing to the cube scheme.

The explicit dimensional categorization in this model isd@on functional dependency. We will
see that this can be equivalently expressed using contedisquivalence classes. However, Lehner did
not formally define the OLAP operators within his model.

In this thesis, multidimensional data modeling will be defirseparately from data classification.
That approach allows to simplify the multidimensional datadel. However, dimension hierarchies
will be introduced later by means of context classificatiearthermore, we will distinguish between
the measure attribute, which is the attribute whose valteeaggregated with respect to the dimension
values, and the fact, which is the resulting value of the egation.
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A Symmetrical Multidimensional Data Model

That model presented by (Agraweti al., 1997) has been developed with a focus on implementation.
The autors write that they wanted to stay as close to thdaakdtalgebra as possible in order to make
operators translatable to SQL. Dimensional hierarchiesat treated explicitly in the model. Dimen-
sions and measure attributes are treated symmetrically.

A cubeC has the following components:

e k dimensions each having a narbg and a domaimom;
e Elements defined as a mappiBgC) fromdom x ... x dom; to 0, 1 or ane-tuple.
¢ An n-tuple of names that describes the¢uple element of the cube.

The elements of a cube can be either 0, 1, or an n-tup(€!)(ds, . . ., d,,) refers to the element at
“position” dy, . .., d,, of cubeC. If the element corresponding to is O then that combinaticdiraen-
sion values does not exist in the database. A 1 indicatesxiseerce of that particular combination.
Finally, an n-tuple indicates that additional informatisravailable for that combination of dimension
values.

The authors continue by defining two operatgsshandpull, which they regard necessary in order
to treat measures and dimensions symmetrically. girghoperation is used to convert dimensions
into elements that can be manipulated using an aggregatiatién. Pushing dimension values to tuple
elements append the dimension value to an n-tuple elembapull operation creates a new dimension
for a specified member of an n-tuple element. Thus, dimessiod measures can be transformed into
each other.

The idea of that model is to allow all attributes to be dimensj where measures are simply spe-
cially treated kinds of dimensions. The idea that will bédaded in this thesis is that every data element
in a multidimensional schemga tuple. There will be no distinction between elements taettrn 1 or
0, and elements that are tuples. That will facilitate theastyihg data model as well as the symmetrical
treatment of measures and dimensions.
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Fuzzy Set Theory and its Applications

In real world problems, we are usually dealing with unceitiai Fuzziness is the kind of uncertainty
arising from linguistic concepts without clear borders.

In natural language, many statements are vague, or fuzzyexaonple, classifying a certain object
as 'large’ leaves us with an uncertainty of how large thigobjeally is. Fuzzy concepts cannot be mod-
eled by a simple set inclusion operatarbut there is a degree of membership. Mathematically, fuzzy
concepts are modeled by fuzzy sets, a generalization ¢ sets: “The modeling of fuzzy concepts
by fuzzy sets leads to the possibility of giving mathemdtineaning to natural language statements”
(Nguyen & Walker, 1997). Thus, the motivation of fuzzinessrigonomic knowledge representation

Fuzziness in software applications is useful for making irgeractions more natural. For example,
fuzziness in databases can lead to more intuitive and simpkies. As another example, classification
in data mining can be fuzzified. Often, classification feasuare not crisp, and that is where a fuzzy
membership function can help out.

This chapter will explain the basic notion of fuzzy sets anll discuss fuzzy set operators; it
introduces linguistic variables, fuzzy logic and approatereasoning; and it shows two possible appli-
cations of fuzzy sets to data warehouses.

5.1 Fuzzy Sets

The concept of fuzzy sets has been introduced by (Zadeh,)1966ordinary subsetl of a setX is
determined by its indicator function, or characteristiodtiony 4 defined by

|1 ifzeA
Xa= { 0 ifo¢A
The indicator functiony 4 of a subsetd of a setU just specifies whether or not an element isiin
If we generalize the notion of characteristic function, vleva elementz € X to belong to a subset
A of X to a certain degregu4(u) € [0,1]. Accordingly, afuzzy subsetl of a setX is defined by
a membership functiops : X — [0,1]. For a fuzzy set4, the valueu4(x) is called thedegree of
membershipf z in A (Nguyen & Walker, 1997).
The notion of power set is a concept of set theory. The powtesfsesetX, denotedP(X), is the

set of all subsets oK. Analogically, (Bandemer & Gottwald, 1993) denotes theddetll fuzzy subsets
of a setX asF(X). Let us call that notion the fuzzy power setX®f
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5.2 Operators on Fuzzy Sets

In order to provide a complete fuzzy set algebra, operatorsets such as union and intersection must
be fuzzified. The membership degree for the complement sefuzizy subset ok is usually calculated

by pz(x) = 1 — pa(x) for every element € X. However, there have been many implementations of
fuzzy counterparts of union and intersection. In the follaysections, the classical and the algebraic
connectors are presented, as well as a compensating apgatedduced by (Zimmermann, 1993).

Classical Fuzzy Set Operators

When (Zadeh, 1965) introduced the notion of fuzzy sets, tenged the use of the minimum operator
as fuzzy intersection, and the maximum operator as fuzayrunrhus, using the operatotin for the
intersection of fuzzy sets, the membership degree of aneglento the intersection of two fuzzy sets
A and B is the minimum of the membership degrees to the two sets:

fan (@) == minfpa (@), up ()

The minimum operator is illustrated in Figure 5.1 using theface graph of the function =
min{z,y} for z,y € [0, 1], which yields a pyramid-like shape.

Analogically, if we use the operataenax for the union of fuzzy sets, the membersip degree of an
elementz to the union of two fuzzy setd and B is the maximum of the membership degrees in each
set. The maximum operator is visualized in Figure 5.2.

paup () == maxpa(z), pp(e)}

Figure 5.1:Minimum Intersection

5.2.1 Algebraic Fuzzy Set Operators

The algebraic product can be used to model fuzzy set intéosecUsing the algebraic product, the
membership degree of an elemenb the intersection of two fuzzy setsand B is simply defined as
the multiplication of the membership degrees:

pang() == pa(x) - pp(r)
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Figure 5.2:Maximum Union

Figure 5.3 shows a three-dimensional plot of the algebnaidycrct in the interval from zero to one
as illustration. In comparison to the graph shown in Figule there is no edge of points where= v,
thus the transition is smoother. Furthermore, the trutbheval= xy decreases faster with decreasing
andy.

Clearly, this operator is symmetric. The degree of memljershan element: to the intersection
of n fuzzy setsA; is defined by the product of the individual membership degiree

rNr, A, (.23) = H HA; (.23) (51)
=1

The algebraic sum is the inverse function of the algebraidpct, such thatt U B = AN B. The
degree of membership of an elemento the union of two setsl and B defined by algebraic sum is
calculated as follows:

tauB(z) = p===(z)
=1—((1 = pa(z) - (1 - pp(x)))
= pa(@) +pp(r) — pa(@) - pp(z)
Again, this operator is symmetric, and fofuzzy setsA;, the degree of membership of an element
2 in the union ofn fuzzy setsA; is calculated by

n

s, a(w) =1 =[]0 = pa,(@) -2

i=1

Figure 5.4 illustrates the algebraic sum by a three-dinmgraiplot in the interval from zero to
one. In comparison to the graph shown in Figure 5.2, thergasnano edge of points where = y.
Furthermore, the truth value= xy decreases more slowly with decreasing values afidy.

5.2.2 A Compensating Fuzzy Set Connector

The “compensatory and” operator or Gamma-operator has firegosed by (Zimmermann, 1993). It
presents a combination of the algebraic product and thdedgesum. It has been developed to satisfy
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Figure 5.4:Algebraic Sum Union

psychophysical properties of information aggregationammonsense reasoning. The membership
degree of an elementto the combination of, fuzzy setsA; is defined as follows:

n

pre_ A (z) = (ﬁ/mi (w)) 0= (1 — H(l — A, (x)))7 (5.3)
i=1 i—=1

1=

Depending on the parameter, this operator incorporates more of the algebraiduct (Equation
5.1) or more of the algebraic sum (Equation 5.2). ko 0 this operator is equal to the algebraic
product, and fory = 1 this operator is equal to the algebraic sum.

The idea behind this operator is an empiric experiment whlidwed that depending on the context,
humans combine the degree of memberships of an element ifuzzg sets differently, because they
vary in compensation. The Gamma operator is able to modeldiviant categorization behavior by
applying different values for the parameter gamma in défféicontexts.

Figure 5.5 shows a plot of the connection of two fuzzy menttiprdegrees by the 'compensatory
and’ operator, with a gamma value of 0.5. As we can see, the #itl resembles a conjunction, but
the operator compensates lower truth values with greater truth values af, and the graph increases
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Figure 5.5:Gamma Operatorz = I'(x,y),y = 0.5

drastically on the edges.

(Schindler, 1998) used the Gamma-operator for multidinogras tuple classification. The motiva-
tion for this was a more intuitively and psychologically acate combination of tuple classes. In this
thesis, the algebraic product is used for set intersechienause of its summarizability, see Chapter
7.5.3.

5.3 Fuzzy Logic

This section describes linguistic variables, their dggmn by fuzzy sets and the connection between
linguistic terms and fuzzy propositions. Finally, approzte reasoning is described by fuzzy set inter-
section and union.

5.3.1 Linguistic Variables

The concept of linguistic variables provides ergonomi@adabdeling. It allows to describe measures
by linguistic terms. For example, a linguistic variablgeallows to describe a person’s age by the terms
young middle agedandold. The notion of linguistic variable has been formally defilsydZadeh:

Definition 3 (Zadeh, 1973) A linguistic variable is defined by a tu@teT, U, G, M). In this tuple,z
is the name of the variabld. is the set of possible linguistic terms for the variatleis the definition
domain of the underlying base variahle G is a syntactic rule for generating the names of values.of
Finally, M is a semantic function associating each value with its megni

For the sake of simplicity, let us defindiaguistic variablein the following way:
Definition 4 A linguistic variablel” on a domainD is defined by a set of terms
V={Ty,..., T}

Each ternil; is a fuzzy subset ab. That is, for every valué € D, there is a degree of membership of
d to each tern¥; denoted by

K, (d)
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pr(x)
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Figure 5.6:Membership Functions for Terms of a Linguistic Variable

Consider the previous example of the linguistic variade The corresponding set of terms is
age = { young middle_agedold }. In Figure 5.6, exemplary membership functions are ilatsd.
The definition domain is the set of natural numbérs= N. For instance, the degree of membership to
the termold for an ager is denoted byu,;4(z), and we have,;4(80) = 1.

5.3.2 Fuzzy Propositions and Approximate Reasoning

In classical propositional logic, truth values are in the{@e 1}. We can generalize the notion of truth
and introduce fuzziness by accepting truth values in thgeéh 1]. Thus, a propositiop is neither
true nor false, but trut a certain degree

Definition 5 (Zadeh, 1975) A fuzzy logic proposition is a statement
p2risP (5.4)

wherex € X is an element of a universe of discourseP is a linguistic term modeled by a fuzzy set,
and a membership function

pp ()
denotes the degree of membership @ the fuzzy subse?.

For a fuzzy propositiop, the truth value is defined by

T(p) = pr(x)

Fuzzy formulae consist of the connection of fuzzy propossiwith fuzzy logic operators. Disjunc-
tions and conjunctions of truth values for propositions barmodeled by fuzzy set intersection and
union. The semantics of approximate reasoning is exprdgsadruth function for formulae. The truth
function

T:Fw—|[0,1]

is defined by induction over the truth values for proposgion
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If formula a is defined by a proposition, T'(a) := pp(z).

If aisaformulal’(—a) := py(x) =1 — pa(z).

If « andb are formulae7 (a A b) = pans(z).

If « andb are formulae7 (a Vv b) = paup(z).

Depending on the implementation of fuzzy set union and setetion, the connections of fuzzy
propositions yield different values.

5.4 Possible Applications of Fuzzy Sets to a Data Warehouse

Two examples of fuzzy set applications to OLAP will be disats First, (Laurent, 2002) has introduced
the concept of a fuzzy multidimensional database, wherg/elata cell represents a fuzzy set. Second,
(Schepperlet al., 2004) describes an idea how the notion of fuzzy contexttddoel applied to data
aggregation.

5.4.1 Fuzzy Multidimensional Data Bases

A framework for fuzzy OLAP has been developed by (Laurend2@nd further described by (Laurent,
2003). A fuzzy multidimensional database contains elemgntl), wherev is a value, and < [0, 1]
is the confidence degree associated with this value. A doiaifinite set of elements. A dimension is
defined on a domain where the p&id;), d(d;)) represents elemedt of dimensionD,. A fuzzy cube
is a mapping

Dy ... X Dy D¢ x [0,1]

whereDy, ..., Dy are dimensions, anB¢ is the measure. There is a degree denoting to what extend
an element belongs to a cube cell.

In this thesis, a fuzzy OLAP-cube will only contain fuzzy dinsion category hierarchies. The
underlying elements remain crisp. This will have the adagatof interoperability with relational
databases and smaller data volume.

5.4.2 Fuzzy Data Aggregation

The concept of fuzzy data aggregation has been describe&tbgpperlet al., 2004). The mainidea s
the categorization of dimensions in an OLAP-cube by fuzaytexts. This leads to a fuzzy OLAP-cube
similar to the approach of (Laurent, 2002). However, thedganularity of data is crisp, and only the
dimension categories are fuzzy.

In an OLAP-cube, a dimension is categorized by one or marggoaization levels. Every dimen-
sion value category presents an equivalence class of diomevalues. As we will see in the following
sections, every categorization level can be modeled by texbim the sense of (Schindler, 1998). The
idea of (Schepperlet al., 2004) is the fuzzification of these categorization leveignitroducing fuzzy
contexts on an OLAP-cube’s dimensions.

In a crisp dimension, every dimension value belongs to desidignension category to one hundred
percent. In a fuzzy dimension, according to (Scheppetrk. , 2004), a dimension value can belong
to several fuzzy categories to different degrees. Thuszayfdimension category is a fuzzy set, and
every dimension value has a membership degree in that sét.approach leads to fuzzy dimension
hierarchies in an OLAP cube.
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In order to use fuzzy contexts for data consolidation, thgregation functions must be extended.
(Schepperlet al., 2004) proposes the following fuzzy set aggregation fuomsti

e Fuzzy Count: The cardinality of a fuzzy set, the sum of the tership degrees of its elements
e Fuzzy Sum: The sum of elements in a fuzzy set, weighted by thembership degrees

e Fuzzy Average: The fuzzy sum divided by the fuzzy cardigalit



Chapter 6

Fuzzy Context Classification

The concept of classification as it is understood in thisishetems from the field of data analysis.
Generally, data elements are classified by calculating abeeship function for given classes. Itis im-
portant to note, however, that the notiorctdssin data analysis has nothing to do with the mathematical
concept with the same name.

Mathematical class theory is an extension of set theory deimto circumvent certain paradoxes
arising from naive set theory. In that theory, all sets aass#s, but certain classes are not sets, insofar
as they can contain elements, but they cannot be elementséhees. For example, the class of all sets
is a proper class. A class in data analysis is rather unaetst® an equivalence class of data elements.
That is why these classes are often called clusters of elespm@relement categories.

This section will first introduce the problem of fuzzy cld&sition formally. Then it will explain the
underlying mathematical concepts for context classificatiThird, the concept of context as described
by (Shenoi, 1995) is formally described. Finally, the notad vague context is introduced according to
(Schindler, 1998), and a more rigorous definition of a fuzayaept is proposed.

6.1 Fuzzy Classification

The following section is a summary of the overview given byg@ann, 1994). Generally, the fuzzy
classification problem is formally defined as follows: Let@hjectO be given. This object is char-
acterized by a@-dimensional feature vectar, of a universe of discoursg. A set{ ¢, ..., ¢, } of
classes is given. The task is to calculate a membershipmMeato. . ., m,,) for the objeciO, wherem;

is the degree of membership Ofto classc;.

Sometimes, the features gf, are themselves fuzzy sets. This will be the case in thisshesien
we will calculate the degree of membership of a tuple to a delfdbased on fuzzy equivalence classes
for attribute values in a fuzzy context. In that case, theyuequivalence class of an attribute will
present a fuzzy feature in the sense of (Gramann, 1994).

The classical analytical approach uses a function

f:U~10,1"

mapping a feature vector to a membership vector forrittdasses. In data mining, this function is
unknown and it is the task to find this function. In our the#liss function is known, and the task is
simply to classify the objects. These objects will be tuglea database relation. Furthermore, a data
cube will be built based on that classification, where eath cell will present an aggregattd:zy tuple
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class Every fact will be calculated by a fuzzy set aggregatiormefineasure attribute values in a fuzzy
equivalence class.

6.2 Mathematical Concepts used for Context Classification

This section describes the basic mathematical conceptsfas¢he classification by contexts, which
will be used to describe context classification, its fuzatiicn and the application of fuzzy contexts to
OLAP cubes.

e A partition of a setS is a set of subsetS; C S having the following properties:

1) U,S =S
2) N, Si=0

EveryS; will be called acategoryof the partition.

e Arelation R on a sefS is anequivalence relatioiif for all a, b andc,

1.) (a,a) €R
2.) (a,b) € R= (b,a) € R
3.) (a,b) € RA(b,c) € R= (a,c) € R

Usually, the fact thata, b) € R is denoted by: ~ b. The set of all equivalence classes for a set
S and an equivalence relationis called thequotient space& / ~, and an equivalence class for
an element € S is the set

e]={e€S|e~e}.

(Nguyen & Walker, 1997) proves that for every quotient spalsere exists a partition, and for
every partition, there exists a quotient space. More spedlifi for every partition there is an
equivalence relation whose quotient space is equal to rétipn. In that case, every category of
the partition presents an equivalence class of the cornelipg quotient space of the equivalence
relation.

e A fuzzy partitionon a setS is a set ofn fuzzy subsetd = {51, ..., S, } satisfying the property

Vo e S Z us, () = 1.
S;eP

We will call every membes; of that fuzzy partition duzzy category

6.3 Context Classification

Sujeet Shenoi proposes contexts as a means for informdtiading in databases in (Shenoi, 1995).
Contexts are defined in terms of equivalence relations:

Definition 6 (Shenoi, 1995) A contektis a partition of a domairD defined by an equivalence relation
=¢. This relation classifies the elementsiofhy a set of complete and mutually disjoint equivalence
classes:;.
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Since there is a one-to-one mapping between a partition rued @ivalence relation, we can define
a contextC' for a domainD by apartition C = {¢y, ..., ¢, } of that domain, andnly thenwe derive a
corresponding equivalence relatier: defined by

z=cye Cr)=Cy)

whereC(x) denotes the partition categoty € C such thatr € ¢;. Two elements are equivalent in a
contextC' if they are in the same category of the partition Accordingly, we define the equivalence
class of an elementin a contexiC' by

[z]c = {2’ € D |z =c 2'}.

In relations, every attribute has a domain. Accordinglg,domain of every attribute can be classi-
fied by one or more contexts. Thus, in a specific context, esleyentd of an attribute’s domairD
belongs to a specific categaty= C(d).

Example 2 Consider the relation described in Table 4.1. Figure 6.1veb@n illustration of context
classification of the relation’s attributes. Every contexta partition of the attribute’s domain. For
example, the domain of attribute bmi can be defined as

dom(bmi) = [ 0,200 ].

LEVEL(BMI):

Low NORMAL HIGH

>
T T T T T T T T T T T T T »>

15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 Body Mass
Index kg/m?

HEALTH(BMI):

UNHEALTHY HEALTHY UNHEALTHY

>
T T T T T T T T T T T T T ll

15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 Body Mass
Index kg/m?

LEVEL(CSTRL):

GOOD BAD

>
T T T T T T T T T T T T T i

130 140 150 160 170 180 190 200 210 220 240 250 260 270 280 290 Cholestrol
mg/d|

LEVEL(D_BP):

NORMAL HIGH

Diastolic
Blood Pressure
mmHg

56 60 64 68 72 76 80 84 88 92 96 100 104 108 112 116

Figure 6.1:Example Contexts Defined on the Domain of the Attributes laftiRe 'patient’ (Table 4.1)

A possible patrtition of that domain could be defined in thiofeing way:

low if bmi(t) < 19.5
levelbmi(t)) = < high if bmit) > 24.5
normal else.
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The other contexts health(bmi), level(cstrl) and levdbfg) shown in Figure 6.1 are defined corre-
spondingly.

Shenoi continues by defining a context’s granularity as taseness of the equivalence relation.
The coarseness depends on the number of equivalencesezhptuthe equivalence relation. Accord-
ingly, contexts can be ordered. The finest context is geaetat an equality equivalence relation, where
each equivalence class is a singleton. The coarsest cdatextdomainD is generated by an equiv-
alence relatiol® = D x D, where there is only one equivalence class which is equddgalomain
itself.

(Shenoi, 1995) introduces contexts in order to cloud infation for data security. For example,
instead of giving an accurate salary valbalary = 30°'00Q only an equivalence class is shown. For
example, the salary value can be clouded by a fuzzy logicqsitipn Salary is modestHowever, the
concept can also be used to consolidate the density of isfitomin data analysis, which will be the
case in this thesis.

There is a correspondence between functional dependedosoatexts. Every context for an at-
tribute in a relation presents a categorization of thaitaite, and the equivalence classes of that context
form the domain of a new attribute which is functionally degent.

Theoremlf an attributeB functionally depends on another attributethendom(B) is a context for
dom(A). Proof: SinceA — B, there is a functiorf : dom(A) — dom(B) such that for every element
b € dom(B) there is aru € dom(A) with b = f(a). We introduce the equivalence relatier} on the
setdom(A4) defined by

a=fd < fla)= f(d).

The quotient space &f ; forms a partition oflom(4), where each element dom(B) is an equivalence
class in the contexb.

As we have seen in Section 4.3.2, dimension category higemcan be expressed by functional
dependency-. The previous theorem implies that all functional depemgEncorrespond to a context.
Therefore, for modeling dimension category hierarchibks, doncepts of functional dependency and
context are equivalent.

6.4 Fuzzy Context Classification

Whereas (Shenoi, 1995) uses fuzzy sets for modeling cantenty thea; o-cut of trapezoidal fuzzy
sets is evaluated for calculating equivalence class meshlper. In English, a data item is only as-
signed to a certain category if the corresponding memhedsgree is equal tb.0. Shenoi writes that
“Information clouding [...] is accomplished by replacingo [...] piece of exact information with a
meaningful fuzzy set whose, o-cut is a superset of the singleton set.” That is, a data elesgither
fully belongs to a class, or it does not.

A more radical approach to fuzziness is made by (Schind®8). In this dissertation, the notion
of equivalence class membership is genuinely fuzzified.idlea is to assign data elements to different
classes to a certain degree.

Schindler realized that in Shenois model, data elementbeassigned to several different classes.
Therefore, an uncertainty arises. “An assignment of objectnany classes [...] with different degree
means that one disposes of information how to handle an ppjguarily. The uncertainty resulting
from a multiple assignment would be reduced.” Schindleuasghat different membership degrees add
information as to which class an element belongs more plgs3ibus he introduces the notion of vague
context and the corresponding term fuzzy equivalence elsiésllows:
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Definition 7 (Schindler, 1998) A vague conteXtover a domainD is a linguistic variable where the
equivalence classes are fuzzy sgts

The definition of vague context uses linguistic variable®géterms are fuzzy sets. However, for
linguistic terms there is no restriction on the distribatmf membership degrees.

If membership degrees are normalized, then classificaio@EAP is simplified. In order to nor-
malize the membership degrees to the terms of linguistiabkas, we introduce the definition of fuzzy
contexts using the notion of fuzzy partition:

Definition 8 A fuzzy context’ is a fuzzy partition of a domai.

This partitioné = {c,...,¢,} consists of a set duzzy equivalence classés Being a fuzzy
partition, for every element the sum of membership degreed tlasses adds up to 1. We will present
a framework for fuzzy classification basedfoizzy partitionsn section 7.2.

A fuzzy partition corresponds to a normalized linguistiaiable defined on the domain of an
attribute A. The equivalence classes are the terms of the linguistiahar and for every value
v € dom(A) the sum of membership degrees to all terms is 1.

Z He; (U) =1
=1

Example 3 The contexts on the attributes of relation patient (seeddhl) can be fuzzified. For exam-
ple, as shown in Figure 6.2, f_level is a fuzzy context

f_level= {low, normal high}

on attribute bmi. The terms are low, normal and high and theexponding membership functions add
up to 1 for every value of bmi. Figure 6.3 shows a second fuaiert f _health on bmi, with only two
terms, healthy and unhealthy. Figures 6.4 and 6.5 show thebaeship functions of fuzzy contexts on
the attributes cstrl and d_bp respectively.
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Figure 6.3: f_health(bmi): A second Fuzzy Context on Attribute 'bmi’
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0.2 -

. Cholestrol mg/dI
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Figure 6.4: f_level(cstrl): A Fuzzy Context on Attribute "cstrl’
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Figure 6.5: f_level(d_bp): A Fuzzy Context on Attribute 'd_bp’
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Chapter 7

A Framework for Fuzzy Data
Consolidation

To consolidate data means to summarize large amounts oetateents in order to extract meaning-

ful statements (propositions). This is usually done by samizing many data elements in classes or
categories. Fuzzy data consolidation is achieved by asgjglata elements to fuzzy categories with a
certain membership degree. This leads to a more naturglrasent of data elements to categories.

Fuzzy OLAP Cubes

Fuzzy
Data Cell Aggregation

DT

Fuzzy Tuple Classification

Consolidation

Fuzzy
Dimension Categorization

Multidimensional Information >[ "

Figure 7.1:A framework for fuzzy data consolidation

The general framework for fuzzy data consolidation comsistdifferent levels of consolidating
multidimensional information. Figure 7.1 shows those fireels, where every level depends on the
level below itself.

On the basic level, crisp multidimensional informationt@red in its finest granularity. On the sec-
ond level, dimensional attributes are assigned to (poskilaky) context categories. On the third level,
multidimensional data elements (tuples) are grouped kgseks where the fuzzy context categories of
level 2 serve as classification features. For every comibimatf dimension values, there is a tuple
class. On the fourth level, tuple classes are aggregatad stndard relational aggregation functions
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extended to fuzzy relations. These aggregations will prietbe facts in the data cells of a fuzzy OLAP
cube. On the top level, the framework will provide OLAP culgth operators for the manipulation
and navigation of fuzzy-summarized data cells.

The process of fuzzy data consolidation allows the creatifdinzzy classes on multidimensional
information, as well as the navigation through differertels of aggregation of those classes. The
framework will specify the basic concepts of this process.

This chapter first presents the general framework for fuztg donsolidation. Then, the following
sections explain each of the five components of the framewnaikely multidimensional information,
dimensional categorization, tuple classification, atiéaggregation and OLAP cubes.

7.1 Multidimensional Information

In our approach, aklttributesof a relation in third normal form are dimensions of an infatian space.
The distinction between qualitative dimensions and qtetite measure attributes is only decided dur-
ing the analysis of data cubes. This approach assumes aryingenultidimensional data domain for
the information stored in an OLAP cube. Such a multidimemaidomain will be called an information
space. A relation can be considered truly multidimensidn attributes are functionally independent
from each other, and if there are no null values in the tuples.
For example, (Skopadt al. , 2003) explains multidimensional data elements as pomisni n-

dimensional discrete vector spdegwhich is a Cartesian product of finite domailg (2 = D1 x Dy x

. x D,. A point (tuple) in space is then represented by a vector ofdioates! = (di, ds, ..., d,)
whered; € D;. What (Skopakt al., 2003) call a discrete vector space, is mathematicallyrieest by
the notion of point lattice.

Definition 9 (Weisstein, 2005) A point lattice is a discrete subset ofilfian n-dimensional spacR”

Itis a regularly spaced array or grid of points. Figure 7.@8vehan example of a point lattice on a
two dimensional Euclidian vector space. Since fomalR™ is a vector space, every point in that lattice
can be addressed by a linear combinatiomdinearly independent vectors frofR™ andn natural
numbers:; € N. Thus, using discrete and finite sets of symbols, multidsi@ral information can be
described by a subset of a point lattice.

Considemn data domaind,, ..., D,, which are sets of elements called symbols. Then a domain
D’ is said to bdunctionally dependertf those domains if there is a function mapping

f:Dyx ... xD,— D'

A set ofn data domains is callestthogonalif no domain is functionally dependent of any other domain.
In that case, the relation is in the third normal form, anddeatification key encompasses all attributes.
We can denote €artesian product of functionally independent data dorea@is information space

Definition 10 Ann-dimensionalinformation spaéecan then be described by a sétof n functionally
independent data domaid$ = {D., ..., D, } as the Cartesian product

Q=Dyx...x D, (7.1)

The data domains are called ttienension®f the information space. For every information space,
any subset of the dimensions will open a subspace. This spemnpasses all possible combinations
(tuples) of the symbols in the data domaindaf
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Figure 7.2:A Point Lattice oriR?

Definition 11 A pointin an information space is a tuple
(diy...,dyp) di € Dy,...,d, € Dy, (7.2)

In fact, the notion of information space corresponds to atdattice. Every pointiy, ..., i,,) in the
lattice corresponds to a data elemédt , ..., d; ). Figure 7.3 shows an illustration of a multidimen-
sional data point as a tuple inmary relation with orthogonal data domains.

Definition 12 An information graph is a set of points in an information spac

An information graph corresponds to a set of tuples in theeSan product of the data domains.
Therefore, it is equivalent to a relation without functibdapendencies between its attributes. In terms
of predicate calculus, an information graph can be seen etsc predicate statements in an interpreta-
tion - that is, the set of predicate statements that arevsalito be true.

Example 4 Revisit relation patient (Table 4.1). The attributes dédsiag patient identification, body
mass index, cholesterol value, blood pressure and age atifunally independent from one another.
Therefore, the domains of patient open a five-dimensiofatrimation space. Thus, these attributes of
patient are orthogonal and form a multidimensional infotioa space, where the tuples are points in
that space, and the attribute values are the coordinates.

The relation itself presents a graph as a collection of 25nmiin that space. For instance,
(A,19.7,140.7,92.4,35) is such an information point. In terms of predicate calcultigs point is
equivalent to a predicate statement that there exists aepafl with a body mass index of 19.7, a
cholesterol value of 140.7, a diastolic blood pressure ofigihd an age of 35.

To summarize, ifn attribute domains of a relation are functionally indepertdeom each other,
then these attributes correspond to a dimension in a pafitdaFurthermore, the tuples of the relation
correspond to points in the lattice, and there is a one-®roapping between numeric coordinates and
indexed data symbols.
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Q=D,x..xD, t=(dy, ... dip)
Dy(t)=dy, ..., D() =d,
D, ts Q
d D,
|
dp
T > D,
/ d
D4 d\4 dm
D

Figure 7.3:Multidimensional Information

7.2 Fuzzy Categorization

[{deD Idec) | [DomD) | [{deD |decy)

v

Figure 7.4: Categorization of a Domain

In our model, there are two kinds of classifications: Atttéalassification and tuple classification.
First, every attribute of a tuple can be classified by one areneontexts, as explained in Section 6.3.
Let us call context classification gategorizationof an attribute. This kind of classification leads to
a category hierarchy used for data consolidation in muitetisional analysis. Fuzzy contexts will
provide fuzzy categories for fuzzy consolidation paths.

Second, tuples of a relation can be classified accordingetodhues (or categories) of its attributes.
The second kind of classification is callgble classificatiorin the sense of section 6.1. In that under-
standing, every attribute value (or an aggregation of ag)alepresents a one-dimensional feature of a
feature vector consisting of a tuple’s attributes. Muttiénsional classification uses ardimensional
feature vector of memberships to different tuple classes.

As illustrated by Figure 7.4, categorization of dimensiatiributes can be accomplished by con-
texts, where every equivalence class in a context is a categiod every context is a level of catego-
rization. The partial context ordering leads to a categaeyanchy for attributed. The categorization
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of a tuple attribute valuel(t) by a contexC' corresponds to the equivalence class= [A(¢)]¢ in the
contextC'. With fuzzy contexts, this classification corresponds tazy proposition is ¢;. For every
valuev in a domainD the functionuz, (v) is the degree of membershipoto the fuzzy category;.

Definition 13 A fuzzy categorization of an attributkis a fuzzy partitiorC’ = {¢1,...,¢,} ofdom(A),
where every; is called a fuzzy category, and the corresponding fuzzm@ﬁtis called a categoriza-
tion level ofA. For every element in the domain of4, and for every category; in the context’, the
function

denotes the degree of membership of that category.

Table 7.1: Example categorizations of the attributes of relation ipat’

= P = o
= [ [ ]
E\ % %l E\

2 < | a £ B H g z £ 5 - 5
«=|5|E| 5| 8| & £ g 2 ) = 3|z E 5| % 3|8 ¢

= °© o © H] e © © 2 sl - e = o “ < 2

g 2 3 3 3 5
1 A | 19.7 | 1407 | 924 35 healthy normal good high 0925 0.075| 046 0.54 0 0.993 0.007 | 0.696 0.304
2 B 19.7 | 1725 78.2 65 healthy normal good normal 0925 0.075( 046 0.54 0 0675 0.325|0.128 0.872
3 A | 193 | 1254 | 738 36 healthy low good normal 0.825 0.175| 0.54 0.46 0 1 0 0 1
4 B 19.9 | 129.1 74 66 healthy normal good normal 0975 0.025| 042 0.58 0 1 0 0 1
5| C | 287 | 1675 | 115.2 26 unhealthy high good high 0 1 0 0 1 0.725 0.275 1 0
6| D | 271 283.7 96.5 64 unhealthy high bad high 0 1 0 0 1 0 1 0.86 0.14
7 | _E | 17.2 | 1422 91.8 45 unhealthy low good high 0.3 0.7 096 0.04 0 0978 0.022 | 0.672 0.328
8 F |19.25| 160.3 | 754 34 healthy low good normal 08125 0.188| 0.55 045 0 0.797 0.203 [ 0.016 0.984
9 [ G| 158 | 2336 | 946 76 unhealthy low bad high 0 1 1 0 0 0.064 0.936 [ 0.784 0.216
10 I 224 | 167.2 | 107.8 72 healthy normal good high 1 0 0 092 008 | 0728 0.272 1 0
M 1 | 216 | 2283 | 845 48 healthy normal bad normal 1 0 0.08 0.92 0 0.117 0.883 | 0.38 0.62
121 J 242 | 256.9 | 68.6 94 healthy normal bad normal 07 0.3 0 056 044 0 1 0 1
13 [ K | 209 | 1445 | 937 59 healthy normal good high 1 0 022 078 0 0.955 0.045 [ 0.748 0.252
14 I 225 | 1871 85.4 56 healthy normal good normal 1 0 0 0.9 0.1 0.529 0.471 | 0.416 0.584
15| M [ 184 | 2389 87.8 34 healthy low bad high 0.6 0.4 072 028 0 0.011 0.989 | 0.512 0.488
16 | N | 232 | 1747 | 86.7 56 healthy normal good normal 0.95 0.05 0 076 024 | 0.653 0.347 | 0.468 0.532
17 [0 | 158 | 1728 | 1023 67 unhealthy low good high 0 1 1 0 0 0672 0.328 1 0
18 I 276 | 2274 73.6 34 unhealthy high bad normal 0 1 0 0 1 0.126 0.874 0 1
191 Q [ 185 | 2452 | 719 78 healthy low bad normal 0625 0375| 07 03 0 0 1 0 1
20| R 18.7 | 2447 734 45 healthy low bad normal 0675 0.325| 066 0.34 0 0 1 0 1
21 [ s | 153 | 2789 | 107.6 23 unhealthy low bad high 0 1 1 0 0 0 1 1 0
22 I 28.6 | 283.4 78.7 87 unhealthy high bad normal 0 1 0 0 1 0 1 0.148 0.852
23| U | 295 | 2887 | 99.8 58 unhealthy high bad high 0 1 0 0 1 0 1 0.992 0.008
24| V | 259 | 189.9 | 874 91 healthy high good normal 0275 0.725 0 022 078 | 0.501 0.499 | 0.496 0.504
25 W] 26 190 875 19 unhealthy high bad high 0.25 0.75 0 02 08 0.5 0.5 0.5 0.5

Example 5 Consider relation patient introduced in Section 4.3.1 ahd trisp and fuzzy contexts in
Sections 6.4 and 6.3 respectively. Table 7.1 shows thatoaltogether with the categorizations of its
attributes, based on the contexts discussed in Exampled 3.an

For example, the fuzzy context f_level(bmi) presents & ftetegorization of attribute bmi, where
low, normal and high present fuzzy categories. For patightthe body mass index valueligii(A) =
26. The fuzzy categorizations of that value using the fuzztexbh level(bmi) are the following:

Mnormal(26) =0.2
Hhigh(26) =0.8
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7.3 Fuzzy Multidimensional Tuple Classification

Tuples in a relation can be classified as described in Se6tibnLet R be a relation withn attributes
Aq,..., A,. The features of a tuplec R correspond to the attribute valuestoflf ¢ is a tuple withn
attributesA, . . ., A,, the classification feature vector fors

(A1(t), ..., Ap(t)).

Classification according to multiple attributes is caltedltidimensional Single-attribute classifica-
tion is called one-dimensional. Basically, multidimemsbtuple classification is based on the intersec-
tion of one-dimensional classes. Accordingly, fuzzy ndittiensional tuple classification is equivalent
to the fuzzy set intersection of the one-dimensional fuzagses.

7.3.1 Tuple Classes of Basic Granularity

In order to introduce the basic idea of fuzzy multidimensicmple classification, we begin with the
easily understandable notion of classification using hastategorized attribute values as classification
features.

Definition 14 For every valuev in the domain of an attributel, there is a one-dimensional class of
tuples inR having the same value for attributé

[Aisv] :={teR|A{t)=v} (7.3)

Example 6 In relation patient (Table 7.1), the equivalence class pfdés with a body mass index value
of 19.7 is
[bmiis19.7) = { ¢t € patient| bmi(t) =19.7} ={ 1,2 }.

That is, the tuples with primary keyand 2 are in that equivalence class. Accordingly, the only
tuple with a cholesterol value of 140.7 is tuple number 1:

[ cstrl is140.7] = {1}.

Figure 7.5 shows an example of tuple classification basedoattributesd andB. For two values
the two-dimensional tuple cladsl is v, B isw] is equal to the intersection ¢# is v] and [B is w].
Consequently, for values from the domain of attributesv; € dom(A;),...,v, € dom(A,), the
multidimensional equivalence class of tuples having tmeesgalues is equal to the intersection of the
corresponding one-dimensional tuple classes.

Definition 15 A multidimensional tuple class farvaluesv; € dom(A;), ...,v, € dom(A,,) is defined
by

[Al is UZ‘] = ﬁ{t €ER | Ai(f) = ’Ui} (74)

1 i=1

IDE

[Ajisvy,..., Ay isvy,] =

i

Example 7 In our example relation (Table 7.1), the two-dimensionaksl of tuples having a bmi of
19.7 and a cholesterol level of 140.7 is calculated in thiofeing way:

[bmiis19.1, cstrlis140.7] = [bmiis19.7] N [ cstrl is140.7] = {1}.
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{t|A(t)=vAB(t)=w}
={t]A®M) = v} {t]| B(t) = w}
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Figure 7.5:Classification of Tuples based on Attribute Values

7.3.2 Categorized Tuple Classes

If attributes are categorized by contexts, the classibodfieatures are the context categories. The cate-
gorized features of a tuple objecE R correspond now to categories in a context. i a tuple withn
attributesA, . . ., A,, with corresponding contexts, . .., C,, the classification feature vector fors

(C1(A1(2)), ..., Cn(An(t)).

Definition 16 A one-dimensional categorized tuple class defined by a aatege C for an attribute
A and a contexC is a set of tuples whose attribute values are in the same ogteg

[Aisc]:=={te R|A(t)€c} (7.5)

Example 8 In relation patient (Table 7.1), the equivalence class @leés having a body mass index
which is categorized by the context level as normal is tHeviahg set:

[ bmiis normal := { t € patient| bmi(t) € normal}
={1,2,4,10,11,12,13,14, 16}

Correspondingly, for attribute cstrl and category good, ma&ve the following equivalence class:

[ cstrlis good] := { t € patient| cstrl(t) € good}
={1,2,3,4,5,7,8,10,13,14,16,17, 24}

As illustrated by Figure 7.6, a tuple class for two attribcaigegorieg, cs is defined as the intersec-
tion of the two corresponding one-dimensional tuple classethe same way, multidimensional tuple
classes can be defined hycategorized attributes as the intersection of the one+usinaal classes for
each context category.
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{t]Dy(t) € c; ADL(1) € ¢y}
={tIDy(t) € c; }n{t]| Dyt) € c;}

{tib®ecp | | {t1D,(t) e cj}
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Figure 7.6:Classification of Tuples based on Attribute Categories

Definition 17 A multidimensional categorized tuple class foicategoriescy, ..., ¢, for n attributes
Ay, ..., A, inthe contexts’, ..., C), is defined by

[Al is Cly.. .,An is Cn] = ﬁ [A7 is Ci] = ﬁ{t €ER | Az(t) S Ci} (76)
=1 =1

Example 9 In our example relation (Table 7.1), the two-dimensionakslof tuples having a bmi in the
category normal and a cholesterol level in the category gisazhlculated in the following way:

[ bmi is normal cstrl is good] = [ bmi is normal] N [ cstrl is good|
={1,2,4,10,13,14,16}
7.3.3 Fuzzy-Categorized Tuple Classes

Features used for classification can be categorized by foamiexts. In that case, the classification
features are fuzzified, as described in Section 6.1.

Definition 18 A one-dimensional fuzzy-categorized tuple class definadiumzy category c C foran
attribute A and a fuzzy context' is a fuzzy set of tuples. The degree of membership of atupldat
fuzzy tuple class is defined by the degree of membership afttheite valueA(t) in the fuzzy category
c.

Maisa = He(A(t)) (7.7)

Example 10 In relation patient (Table 7.1), the degree of membershifupfe 1 in the fuzzy class of
tuples with a normal body mass index is

Hlomiis normal](l) = Nnormal(bmi(l)) = Nnormal(19~7) = (0.54.
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Accordingly, the fuzzy tuple class is

[ bmi is normal]
= {1/0.54,2/0.54,3/0.46,4/0.58,7/0.04,8/0.45,10/0.92,11/0.92, 12/0.56,
13/0.78,14/0.9,15/0.28,16/0.76,19/0.3,20,/0.34, 24/0.22, 25 /0.2 }

Correspondingly, for the context f_level(cstrl) and fueategory good, we have the following fuzzy
equivalence class:

[cstrlis good = { 1/0.993,2/0.675,3/1,5/0.725,6/1,7/0.978,8,/0.797,9/0.064,
10/0.728,11/0.117,12/1,13/0.955,4/0.529, 15/0.011, 16 /0.653, 17/0.672,
18/0.126,19/1,20/1,21/1,22/1,23/1,24/0.501,25/0.5 }

In analogy to the crisp case, multidimensional fuzzy tupéesses can be defined byfuzzy cate-
gories as the intersection of the one-dimensional fuzzssels.

Definition 19 A multidimensional fuzzy-categorized tuple classifduzzy categories, ..., ¢, for n
attributesA,, ..., A,, in the fuzzy contextsy, ..., C, is a fuzzy set, where each tuplbas the following
membership degree:

HiA i1, A 5T (t) (7.8)
= PO, [Asisc] (t)

Depending the implementation of the fuzzy set intersectibis membership degree is different.
(Schindler, 1998) uses the Gamma-operator (see Sectid?) foPthis intersection. However, formally
the Gamma-operator is not an intersection operator, butxéunei of intersection and union. Further-
more, the resulting set intersections are not summarizéide is,the union of the intersections does
not return the original fuzzy se€onsequently, the sum of membership degrees of tuples difflerent
tuple classes does not add up to one.

Contrarily, the algebraic product set intersection yidldly summarizable sets, where the sum of
membership degrees to the individual tuple classes alwdgsip to one. Using the algebraic product
for set intersection, the membership degree of a tuple izayfulass is therefore

rr 14w ()
= H%':1 pa, sz (t) (7.9)
= [I=; pz (Ai(t))

Example 11 In our example relation (Table 7.1), the degree of membprshiuple2 in the fuzzy class
of tuples with a normal body mass index and a good cholest@idole is calculated in the following
way:

K[ bmi is normal, cstrl is good] (1)

Hbmiis normal]N[ cstrl is good)] (1)

= [[ bmi is normall (1) H[cstrlis good)] (1)
=0.54-0.993 = 0.53622

7.4 Fuzzy Data Aggregation

Aggregation of crisp information is a usual process in retal data bases. Relations, that is, sets
of tuples, are aggregated with respect to a particulathati and aggregation function. The usual
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aggregation operators are sum, average, count, minimurmaranum. Accordingly, a scalar value is
calculated based on the attribute values in a relation. Xamele, a set of tupleB = {¢4,...,¢,} can
be aggregated using the aggregation funcéiemon an attributed; . In that case, the aggregation value
is calculated by

fay(R) = suma,(R) =y As(t).

teER

Definition 20 An aggregation in an n-dimensional doméin= D, x ... x D,, is a mapping
fa:P(Q) =V,

wheref is an aggregation functiord is an attribute,P(Q?) is the set of all possible relations {n, and
V is a set of aggregate values.

A tuple class can be aggregated by an aggregation functiaelasThis aggregation of fuzzy tuple
classes will be used to calculate facts in fuzzy OLAP cubes.

Example 12 In relation patient (Table 7.1), the average age in the class
[ bmi is normalcstrl is good| = {1,2,10, 13,14, 16}

is an aggregation

avguge ([ bmiis normal cstrlis good]) = 57, 16.

The aggregation of attribute values in a fuzzy relation itedguzzy aggregatioras described by
(Rundensteiner & Bic, 1992) and (Scheppeasteal., 2004). Our approach will use the propositions
of (Schepperleet al. , 2004), because they provide a defuzzification of fact \&lwehich is more
ergonomic for the user. Fuzzy linguistic variables areroétasily understood by users, but membership
degrees are less intuitive. Thus, aggregation of fuzzyrin&tion presents defuzzificatiorof fuzzy
data in order to be understandable for the user. Basicaflyzzay aggregation is the calculation of a
scalar value based on a fuzzy set of tuples (a fuzzy relatidoje formally:

Definition 21 A fuzzy aggregation in an n-dimensional dom@ie= D, x ... x D,, is a mapping
fa:F(Q) =V,
wheref is a fuzzy aggregation functiod, is an attribute,F'(Q2) is the set of all possible fuzzy relations
in , andV is a set of aggregate values.
The following points define the fuzzy aggregation functiased in this framework:

e Fuzzy Count
As proposed by (Schindler, 1998), this operator calculiesardinality of the fuzzy set of tuples
R defined by
fcount, (R) = > pr(t) (7.10)

teQ
e Fuzzy Sum
As proposed by (Schindler, 1998), this operator calcul#tesfuzzy sum of numeric attribute

values in a fuzzy tuple clag3 as the sum of valued(t) weighted by the membership degree of
tuplet in the fuzzy class:

fsumy (R) = ZA(t) - pr(t) (7.11)
teQ
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Fuzzy Average
As proposed by (Schindler, 1998), this operator calculdiesverage of numeric attribute values
in a fuzzy classk. This operation corresponds to a combination of fuzzy camatfuzzy sum:

favg, (R) = fsum, (R)

~ fcount, (R) (7.12)

Fuzzy Minimum
This fuzzy minimum is an experimental operator. A valuis considered the fuzzy minimum if
its multiplication with the membership degree of the valuéhie fuzzy clasgk is minimal:

fmin, (R) =argmin, | J v-pr(v) (7.13)
vedom(A)

Fuzzy Maximum
This fuzzy maximum is an experimental operator. A valug considered the fuzzy maximum if
its multiplication with the membership degree of the valuéhie fuzzy class is maximal:

fmax,(R) =argmax, |J v-ur() (7.14)
vEdom(A)

Fuzzy Classification of attribute values

This kind of aggregation is a function mapping from a fuzzgtien of tuples R to a fuzzy set of
attribute values C. This operator returns the fuzzy classtdbute values based on the fuzzy set of
tuplesR. For every value in the domain of attribute thefclassoperator calculates a membership
degree to a class of attribute values. This membership is calculated as thmative sum of all
tuple membership values of tuples in the fuzzy class of sileFor every valuer € dom(A),

the membership degree ofin classC' is defined as the average membership of the underlying
tuples inR:

felassa : F(Q) — F(dom(A))
felassa(R) =C

=

pe(v) = x Xier 1r(t)

Thefclassoperator corresponds to a fuzzy classification in the sehgcbindler, 1998), where
they use gamma conjunction for the aggregation of memligersiiues. However, we use the
algebraic productin order to make classification summablea hus, the aggregated membership
corresponds to the average of the single membership valu@s.

(7.15)

7.5 Fuzzy OLAP Cubes

An OLAP-cube is a data model which provides a dimensionas&to data consolidation. It consists
of a grid of data cellslaid out by the Cartesian product of the dimensions. Themnis data cell
for every combination of dimension values. Every cell dféss the tuples in a base relation by their
dimension values, or their (possibly fuzzy) dimension gates. Every cell contains fact, which
presents an aggregation of the multidimensional tuplesda$ined by the dimension values.féctis

an aggregation of the measure attribute’s values for eguk to a data cellF using a set aggregation
function.
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7.5.1 OLAP Cubes with Crisp Dimension Categorization

An OLAP cube on a relation is described by a scheme definindithensions and measures of a cube.
The dimension values of a cube can be categorized by coritettse dimensional attributes.
Consider an information space
Q=D x...x D,

of orthogonal data domains (see Section 7.1). RetC () be a relation with attributest =
{A,..., A, } such thatlom(4;) = D;.

Definition 22 A categorized OLAP-cube is defined by a scheme

C=(R,D,L,M, ) (7.16)
whereD = {D,,...,D,} C Ais a set of dimension attributes from R is a measure attribute from
R, f is a set aggregation function, add= {C1, ..., C,} is a set of categorization levels, where every

C; is the categorization level for dimensi@h, defined as a context on the underlying attribute.

A measure attributd/ and an aggregation functighfor data aggregation are given. Every dimen-
sion D; € D is associated with a context defining the level of categtidna The possible dimension
values of a dimensio; are categories; € C;.

Example 13 An example of a cub& = (R, D, L, M, f) can be defined on our example relation
R = patient (Table 7.1). Its dimensions are the attribufes= {bmi, cstrl, d_bp}, with associated cate-
gorization leveld, = {health(bmi), level(cstrl), level(d_bp) Its measure attribute i3/ = patient_id.
An aggregation function can be chosen as count or classifgedhe measure is not numeric.

An extension of a categorized cube scheme is a set of factoorevery data cell. A categorized
data cell corresponds to a multidimensional tuple class.CHtegorizations of dimension values in their
associated context level are the classification featunes chtegorized data cube, every combination of
dimension valueécy, . . ., ¢,,) represents a data cell, to which the following tuple class®ociated:

[D1 is Clyenn, Dn is Cn]

Example 14 In our example cube, for example, the combination of dinmensivalues
(healthy good normal) represents a data cell, which is associated with the tu@s<|

[ bmi is healthy, cstrl is good, level(d_bp) is normal

Definition 23 A fact in a categorized data celt4, ..., ¢, ) is an aggregation of the tuples in the corre-
sponding tuple class
fM [Dl is Clyenn, D, is Cn] (717)

using an aggregation functiofi on the measure attribut®/ .

Example 15 A fact in the data cellhealthy good normal) in our example cube, using the count ag-
gregation function, shows the number of patients with athgdbody mass index, a good cholesterol
value and a normal blood pressure. This fact is calculatediypggregation

COUNbatient_id bMi is healthy, cstrl is good, d_bp is nornjal
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Table 7.2: Example cube on relation 'patient’ with crisp dimensioneggirization

Body Mass Index:| unhealthy | healthy
cholesterol Value] Blood Pressure:
good normal ABFLNV
good high CEO AHK
bad normal PT IJQR
bad high DGSUW | M

Example 16 Table 7.2 shows an example of our cube using measure valssfadation as aggregation
function. In this case, the patient id’s are classified in tberesponding data cells.
For example, the patients which fit into the class

[ bmi is healthy, cstrl is good, d_bp is nornjal

are the patientsA, B, F, L, N andV. PatientA is classified in two classes, because he has two tuple
entries with different classifications.

Note that patient$” and W have almost the same attribute values, but because of daspifica-
tion, patientv is classified in the most healthy class, but patiénts classified in the most endangered
class. Thus, very similar attributes at the critical claggits can lead to distortions in crisp classifi-
cations. Preventing that distortion is the advantage ofjuelassification, as we will see in the next
example.

A cube of basic granularity has dimension values in domathe#ttributes in a relatioR. A data
cell of basic granularity is a special case of a categorizassc where the context contains singleton
sets as categories, and for all dimension values, the cootdasic granularity is chosen as dimen-
sion categorization level. The equivalence classes of éiseclgranularity context are singleton sets of
dimension values.

7.5.2 OLAP Cubes with Fuzzy Dimension Categorization

This subsection presents the main idea of the thesis. Dimegategories in an OLAP cube can be
fuzzified using fuzzy contexts. For every dimension, a fueategorization level is associated. This
leads to fuzzy data cells, which are aggregated to factgwegjgregation functions on fuzzy relations.

Definition 24 A fuzzy categorized OLAP-cube is defined by a scheme

C=(R,D,L,M,f) (7.18)

where R is a relation R with a set of attributesA, D = {D,,...,D,} C A is a set of dimen-
sion attributes of RAM is the measure attribute of R, is a fuzzy set aggregation function, and
L = {C4,...,C,} denotes the consolidation level of the cube, where egerg C(D;) is a fuzzy
context presenting the associated consolidation levedifmensionD,.

Example 17 An example of a cub€ = (R, D, f, M, f) can be defined on our example relati@n=
patient (Table 7.1). Its dimensions are the attribufes= {bmi, cstrl,d_bp}, with associated fuzzy
categorization leveld, = {f_health(bmi), f_level(cstrl), f_level(d_bp) Its measure attribute i3/ =
patient_id. Only the functions fcount or fclassify can besdn as aggregation function, since the
measure is hot numeric.
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An extension of a categorized cube scheme is a set of datamitaining facts. A fuzzy cate-
gorized data cell is a multidimensional fuzzy tuple clastie Tuzzy categorization of a dimension’s
domain in their associated context level are the classificdeatures. In a fuzzy OLAP cube, every
combination of fuzzy categorized dimension val(és ..., ¢, ) represents a data cell, to which a tuple
class[D;is¢, ..., D, is¢,] inrelationR is associated.

Example 18 In our example cube, the combination of dimension valbealthy good normal) repre-
sents a data cell, which is associated with the fuzzy tuplescl

[ bmi is healthy, cstrl is good, d_bp is nornjal

_In an extension of such a scheme, every dimendignc D is associated with a fuzzy context
C; called the dimension’s fuzzy categorization level. Forrgwaluev € dom(A;), and every fuzzy
category;, the function

uz, (v) (7.19)

denotes the degree of membership of the attribute valuesifuttzy category.

Definition 25 A fact in a fuzzy categorized data cell is a fuzzy set aggmegaif the tuples in the
corresponding tuple class
fulDriscy, ..., Dy is¢cy] (7.20)

using an aggregation functiofi on the measure attribut®/ .

Example 19 The fact in data cel{healthy good normal) in our example cube, using the fcount aggre-
gation function, shows the number of patients with a heditidy mass index, a good cholesterol value
and a normal blood pressure. This fact is calculated by arreggation

fecount,gent id PMI is healthy, cstrl is good, d_bp is nornjal

For tuplest € R, the membership degree in adata €é]l, ..., ¢,) is defined by the membership
degree of in the corresponding tuple class.

Iz, ...z () = pr s isz) () (7.21)

In this model, we take the algebraic product for the intdisa®f fuzzy sets. Thus, the membership
degree of a tuple to a fuzzy data cel(c,...,¢,) is calculated by a multiplication of membership
degrees of the dimension attribute valdgsgt) to the category;.

1z, oz () = [ pes (Di(t))} (7.22)
=1

A crisp context presents a special case of fuzzy contexhisrcase, the membership degree of tuple
t to a tuple clas$D; is ¢;] will be 1 if and only if the value is in the category :

{ 1 if Di(t) € ¢

pe; (Ai(t)) = 0 else.

Example 20 Table 7.3 shows the example cube using fuzzy measure vass#fichtion as fact aggre-
gation. For example, patieM belongs to data cellhealthy good normal) to a degree 00.552. This
degree is calculated in the following way: There are two égdior patient4 in Table 7.1, namely the
tuplesl and3. Using the algebraic product, the membership degree obtus
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/,L(heahhygoodnorma[)(].) == /,Lheanh)(].g.?) . Mgood(140.7) . Mnorma|(92.4) = 0.925 . 0.993 . 0.304 ~ 0.279.

The membership degree of tuglés calculated analogically, and yields825. The classification of
patientA is calculated using the average of the two membership dsgree

H(healthygood normal) (A) = (0.279 + 0.825) /2 = 0.552

Table 7.3: Example cube on relation "patient’ with fuzzy dimensioregatization

Body Mass Index: | healthy unhealthy
cholesterol Value: | Blood Pressure:
good normal (A, 0.552) (B, 0.76) | (A, 0.099) (B,
(E, 0.096) (F, 0.637) 0.035) (E, 0.225) (F,
(1,0.073) (K, 0.241) | 0.147) (G, 0.014)
(L, 0.309) (M, (M, 0.0020) (N,
0.0030) (N, 0.33) 0.017) (P, 0.126) (V,
(V, 0.069) (W, 0.183) (W, 0.188)
0.063)
good high (A, 0.32) (B,0.04) | (A, 0.026) (B,
(E, 0.197) (F, 0.01) | 0.0030) (C, 0.725)
(H, 0.728) (1,0.044)| (E, 0.46) (F, 0.0020)
(K, 0.714) (L, 0.22) | (G, 0.05) (M,
(M, 0.0030) (N, 0.0020) (N, 0.015)
0.29) (V, 0.068) (W, | (0, 0.672)(V, 0.18)
0.063) (W, 0.188)
bad normal (A, 0.0010) (B, (A, 0.0) (B, 0.011)
; 0.131) (E, 0.0020) | (D, 0.14) (E,
(F, 0.162) (1,0.547) | 0.0050) (F, 0.037)
(J,0.7) (K,0.011) | (G, 0.202)(J,0.3)
(L, 0.275) (M, 0.29) | (M, 0.193) (N,
(N, 0.175) (Q, 0.0090) (P, 0.874)
0.625) (R, 0.675) (Q,0.375) (R,
(V, 0.069) (W, 0.325) (T, 0.852)
0.063) (U, 0.0080) (V,
0.182) (W, 0.188)
bad high (A, 0.0020) (B, (A, 0.0) (B, 0.0020)
0.019) (E, 0.0040) | (C, 0.275) (D, 0.86)
(F, 0.0030) (H, (E, 0.01) (F, 0.0010)
0.272) (1,0.336) (K, | (G, 0.734) (M,
0.034) (L, 0.196) 0.203) (N, 0.0080)
(M, 0.304) (N, (0,0.328) (S, 1.0)
0.154) (V, 0.068) (T, 0.148) (U,
(W, 0.063) 0.992) (V, 0.179)
(W, 0.188)

Unlike in the cube with crisp dimension categorization, ffagientsV and I/ are not anymore

classified in the best and the worst classes respectivelingdazzy contexts, those patients are now
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classified by several classes to a certain degree. Thusatitetfat patientd” and W have very sim-
ilar attributes, and that those attributes are in a critidahit area, does not lead to distortions in the
classificaiton anymore.

7.5.3 Summarizability

Aggregations in a crisp cube are summarizable if they arepbeten disjunctive and type-compatible.
(Schepperlet al., 2004) extends this definition to fuzzy contexts, where yueggregations are fuzzy-
summarizable if the sum of all membership degrees of a dataegits in all data cells is exactly one.

An interesting property emerged from the application okalgic product to fuzzy set intersection
for the calculation of multidimensional fuzzy tuple classéf there areV tuples inR, and K fuzzy
tuple classe#; defined by fuzzy contexts, then

K
Z feount(R
i=1

This stems from the fact that if there aketuple classes; then for a tuple;,

K
Z HR; (t) =
=1

because the tuple classes form a fuzzy partition, whose reeship degrees sum up to 1 by definition.

However, using the minimum operator or the Gamma operdi@r,sum is not equal to 1. This
property of the algebraic product intersection has beecodered during the implementation of the
prototype. This property can be verified by calculation,dfdrmal proof is missing.

Note that in the previous example, for every patient, the benship degrees to all classasvays
add up to one The reason for this normalization is (1) normalized fuzentext class memberships,
and (2) the use of algebraic product for the combination plitelassification features.

Itis easy to show that the gamma operator leads to membetsbipes which do not add up to one.
This leads to distortions, because the sum of the facts inldtee cells do not yield the same result as
the sum of the base data. Thus, aggregations based on the &ap®rator are not summarizable.

Example 21 For example, using the gamma operator to combine classificd¢atures withy = 0.5,
the membership degree of tudlen data cell (healthy, good, normal ) is calculated in theldaling
way:

M?healthy,goodnormab (1)
= (0.925-0.993 - 0.304)%5 - (1 — (1 — 0.925) - (1 — 0.993) - (1 — 0.304))°>
~ 0.5283.

The membership degree of tuplén the other data cells are calculated analogically:

= 0.799494446
) = 0.04320149

iu?healthygoodhigh)( ) =

1 =
0.066366925
)=

M(healthybadnormal) (

u(healthybad,hlgh)( )
= 0.150127841

0.227447947

u(unhealthygoodnormal) (

H (unhealthygood high) (1)

1 (1
(unhealthybad,normal)

)

5
u(unhealthybad,hlgh) (

0.007587409

) =
= 0.016228641
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Using the gamma operator, the sum of all membership degrédspte 1 in all classes is
1.838781841. This leads to distortions. For example, ulirmgcount aggregation, this tuple counts
as approximatelyl .83 tuples. Thus, the facts in the cube are not summarizablgusecthe sum of
facts in the data cell is different from the sum of the basa dathe relation. Therefore, in order to
calculate facts that are summarizable, we use the algelpraiduct.

It is possible to make multidimensional fuzzy classificaiased on the Gamma operator summa-
rizable. In that case, the membership degrees must be nizedalHowever, it presents a considerable
calculation effort, since this normalization must occuréwery tuple and for every class.

7.5.4 Operators on Fuzzy OLAP Cubes

In order to manipulate OLAP cubes, some basic operatorsrapoped: the change of aggregation
function, slicing, dicing and drilling.

e Apply:
This operator applies a different aggregation functfério a data cub&€ = (R, D, L, M, f).
The resulting cub€” hasf’ as new aggregation function for facts.
C/ = applyf’(c) = (Ra Da La M; f/)

e Slice:
Slicing a dimensiorD; of a fuzzy data cube with a dimension valyegenerates a new culd&
whose data cells are addressed by that dimension value:

C' = slicep, ., (C) = (R,D',C, M, f)

where inD’, the domain of dimensio; is restricted ta;.

e Roll-up / drill down:

Rolling up a dimensiorD; to a classification level of coarser granularity or drillidgwn to a
classification level of finer granularity generates a newedtih

Cl = drill D;,C! (C) = (R, D, L/, M, f)
where in L' the new consolidation level for dimensidn is the fuzzy context’.

e Dice:

Dicing a dimensiorD; by a domain restrictio® generates a new cube C’,

= dicep, p(C) = (R,D',L,M, f)

where in the new set of dimensioi¥ the domain of dimensio; is restricted to the values
which satisfyP.

The extension of cubes generated by the application of tBpseators has to be recalculated using
the framework in Section . Again, fuzzy tuple classes areggrd for each data cells, and those classes
are aggregated with the aggregation function. But sinceulbe specification has been altered with an
operator, the resulting cube is different.



Chapter 8

A Prototype of an OLAP-Tool
Supporting Fuzzy Consolidation

In this thesis, a software prototype has been developedwddo perform OLAP-operations on data
using fuzzy contexts. The approach which inspired the idgarta this is described by (Schepperle
etal., 2004). The main conceptis to categorize elements in a dirnefased on a fuzzy classification
of its domains.

The interesting part of the approach is that it combines Oldafa consolidation with the concept
of fuzzy classification. Consolidation of base data throfigizy contexts is described in Section 6.4.
In fact, a category hierarchy of a dimension correspondsserias of classifications of its domain. The
application of fuzzy contexts leads to a fuzzy data conatilich path.

The main idea is that the cells of a data cube present mukidgional classifications of the raw
data. In FC-OLAP, these data cells have been extended ty filagses. The software is capable of
calculating the membership degrees of tuples in a relatithdse data cells, and aggregates these data
cells with an aggregation function. In fact, a cube in FC-®Li& a grid where fuzzy classes are layed
out according to the dimension values of a cube. Furtherni@@eOLAP allows the navigation and
manipulation of that layout.

The purpose of the prototype implementation is not a fullyctional OLAP tool, but a feasibility
study. The aim is to show that fuzzy classification can beiaggb OLAP cubes not only in theory,
but in practice. Consequently, the framework describedhiagfer 7 has been implemented in a real
software application called FC-OLAP (fuzzy consolidati®@bhAP) running on a relational database
management system. This chapter describes the implenwmrdéthe prototype, explains its usage and
gives an evaluation and an outlook stating possible imprargs.

8.1 Implementation

This section describes the implementation of the softwaoéopype FC-OLAP. The purpose of this
section is to show system design as well as system archiéeat-C-OLAP.

8.1.1 Functionality Specification

The main aim of the FC-OLAP implementation is to provide &laad feel of how fuzzy data classifica-
tion can be applied to multidimensional data analysis. @l gives an overview of the functionality
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of FC-OLAP, as it was specified before the actual programming

Data Administration: \ Data Analysis:

- Add Relations - View Cube

- Cubes: Dimensions, Measure - Slice / Dice

- Contexts / Fuzzy contexts - Pivot

- Fuzzy Membership Functions - Drill up/down/across

- Change Aggregation function

ROLAP Data Base Server

Figure 8.1:FC-OLAP: Functionality Overview

The functionality of an application which allows data arsidywith fuzzy data consolidation can be
divided into two categories: data administration and datagation.

First, an administrator of the OLAP system is enabled to égfieta-objects used for data analysis
later. These objects include cube definitions with their sneas and dimensions, and contexts for
dimension categorization. In our application, these cdet@may be fuzzy, containing fuzzy equivalence
classes as dimension categories.

Second, a business analyst (or any user of the system) itedrtabview, consolidate and navigate
the decision support information. The user can view a cubE and dice dimensions, drill down or
roll up consolidation levels of the data, change the ordetinfensions, and change the aggregation
function for data consolidation.

There are many commercial products meeting all of theseirmgents, with one exception: The
consolidation of data usinigizzy contextsThis prototype is a first evaluation of the feasibility ozay
dimension categories in an OLAP-like data analysis apfitina This allows the navigation of fuzzy
classifications of data in a graphical environment with seimgle mouse-clicks.

8.1.2 System Architecture

The prototype has been implemented in the Java programmuggiége. As illustrated by Figure 8.2,
the system runs on a relational database server. The dagaalsagell as FC-OLAP metadata resides on
this server.

FC-OLAP accesses the server via a JDBC driver. The grapidealinterface has been programmed
with Java/Swing. This GUI allows the definition of metadalgeats, which are stored in the database
server and reloaded every time a database connection Misiséal. A fuzzy OLAP engine translates
the user data administrations and manipulations into SQrigs. These SQL queries are transmitted
to the database server via the JDBC driver.

8.1.3 Metadata

FC-OLAP requires the storage of metadata for the descntfcontexts and cubes with their dimen-
sions. Furthermore, base relations are described togettietheir attributes and domains. Figure 8.3
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Client Interface OLAP Engine
Data Definition SQL queries
Navigation SQL updates
@
N
SQL DBMS JDBC Driver
Data Storage Java Database
Metadata Connectivity

Figure 8.2:FC-OLAP System Architecture

shows an entity-relationship-like diagram of the metadadael implemented in FC-OLAP.

Tablerelations contains a list of relations which are described in the maad

Tablecubes contains a list of cubes, their dimensions, their corredpanbase relations, and
their measure attribute.

Tabledimensions describes the dimensions of a cube and the underlyingutib
Tableattributes contains the attributes and their data type for every iefati

Tableelements stores all elements of every attribute in all relations. datf this table would
only be needed for attributes with discrete domaihsa future implementation, discrete domains
could be handled differently.

Tablecontexts  contains the fuzzy and crisp contexts defined over an atg&ibim a future
implementation, these contexts could be defined over amagbstomain instead of a specific
attribute, such that the same context could be used in differubes.

Tableclasses contains the classes for a context.

TableclassMembership  stores the membership degree of a given set of values in & dtas
the continuous case, these values inadueList  present interpolation points for the calcula-
tion of membership degrees.

Tableclassification contains for all elements in all attributes of all relatidingir degree of
memberships in all context classes. Thus, this table is st important table for the calculation
of consolidated data cubes.
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PF Rilame | [meta.retations|
PK CHame " Pk RHame
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meta.attributes
PF RName
PK AName
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PF RName
PF AName
PK ElementValue

meta.contexts

isNumeric

meta.Classification

PF RName
PF RName PF AHame
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PK CLName
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Figure 8.3:Metadata Sturcture Diagram

8.1.4 Implementation of Fuzzy Consolidation

In the crisp case, the data cell contents (the measure Vadl@sging to a data cell) are calculated with
a simpleSQLstatement.

select "<measure_attribute>" from "<relation>"
join meta.classification c¢_1

on ( c_1.rname = ’'<relation>’

and c_l.aname = ’'<dimension_1>’

and c_1l.cthname = ’'<context_1>’

and c_1.elementvalue = "<dimension_1>")

join meta.classification ¢_n

on ( c_n.rname = ’'<relation>’
and c_n.aname = ’'<dimension_n>’
and c_n.cthame = ’'<context_n>'
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and c_n.elementvalue = "<dimension_n>")
where c_l.clname = <category_1>

and c_n.clname = <category_ n>

The following example queries the content of the data celt&@ining the class of patients with a
normal body mass index, a good cholesterol value, and a thigh lpressure:

select "patient_id" from public."patient”
join meta.classification c¢_1

on ( c_l.rname = ’'public."patient”
and c_l.aname = 'bmv’

and c_1.cthame = ’level(bmi)’
and c_1.elementvalue = "bmi")
join meta.classification cl

on ( c_2.rname = ’'public."patient”
and c_2.aname = ’cstrl’

and c_2.ctname = ’level(cstrl)’
and c_2.elementvalue = "cstrl")
join meta.classification c2

on ( c_3.rname = ’'public."patient"™
and c_3.aname = ’'d_bp’

and c_3.cthame = ’level(d_bp)’
and c_3.elementvalue = "d_bp")
where c_1.clname = ’high’

and c_2.clname = 'bad’

and c_3.clname = ’'normal’

The aggregation of the data cell content is accomplishedyustandarégql aggregation operators
in the query. For crisp measure attribute classificatios,dperator iglistinct

select <aggregation> ( <measure> ) from ( <data_cell_conte nt> )

In the fuzzy case, only the membership degrees for the atiéribalues in the dimension contexts
are queried from the database. The classification of tuplddlee aggregation of measure values are
calculated in Java. The general form of a query selects fauples the membership degreein
contexts:

select "<measure_attribute>",
¢_0.membershipdegree as m_1,

¢_n.membershipdegree as m_n
from "<relation>"

join meta.classification c_1

on ( c_l.rname = ’'<relation>’
and c_l.aname = ’'<dimension_1>’
and c_1l.cthame = ’'<context 1>’
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and c_1l.elementvalue = "<dimension_1>")

join meta.classification c¢_n

on ( c_n.rname = ’'<relation>’

and c¢_n.aname = ’'<dimension_n>’

and c_n.cthame = ’'<context_n>’

and c_n.elementvalue = "<dimension_n>")

The following example returns, for every tuple in the badatien, the measure attribute value
patient_id , together with the membership degrees for all dimensiaibate values in their dimen-
sion context.

select "patient_id",
¢_1.membershipdegree as m_1,
c_2.membershipdegree as m_2,
c_3.membershipdegree as m_3
from public."patient”

join meta.classification c¢_1

on ( c_l.rname = ’'public."patient
and c_l.aname = ’'bmi’

and c_1l.cthame = ’'f level’

and c_1.elementvalue = "bmi")
join meta.classification cl

on ( c_2.rname = ’'public."patient
and c_2.aname = ’‘cstrl’

and c_2.ctname = 'f_level(cstrl)
and c_2.elementvalue = "cstrl")
join meta.classification c2

on ( c_3.rname = ’'public."patient
and c_3.aname = 'd_bp’

and c_3.ctname = ’f_level(d_bp)’
and c_3.elementvalue = "d_bp")
where c¢_1.clname = ’'normal’
and c_2.clname = 'bad’

and c_3.clname = ’'normal’

In the prototype application, the cube views are calculatedirect queries to the base relation on
database server. This implementation is not scalable ifge Iscale data analysis. In a future implemen-
tation, the cube contents should be stored in a star-sclikenstructure, such that the facts for every
data cell could be queried directly, without calculatiorhisSTwould greatly increase the computation
time for cube definitions, but it would optimize access timedata analysis.

8.2 User Manual

8.2.1 System Installation

In order to run the FC-OLAP prototype, a PostgreSQL 8.0 detatserver must be up and running.
Furthermore, the Java runtime environment must be indtalfethe system. If those conditions are
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fulfilled, the installation of FC-OLAP consists in extraggithe archive fcolap.zip into a folder of choice.
In order to run FC-OLAP, type
java -jar fcolap.jar

In many graphical environments, double-clicking the icalh also start the application.

8.2.2 Data loading

All data for analysis must be loaded onto the database semaeually. Specifically, the database
administrator must create a relation in the database wéltdinresponding attributes. Then, the values
can be read into the database using postgreSQL's COPY codhman

The relations used with FC-OLAP must meet certain requiremd-irst of all, the attributes of rela-
tions in the database server are supposed to contain orthbagtributes. That is, their attributes should
be functionally independent from each other. Second, tihedata types the FC-OLAP prototype can
handle so far are int2, int4, int8, float4, float8, text andhar. Third, FC-OLAP does not accept NULL
values in the relation.

If the data is entered in form of relations with orthogonéilatites containing compatible data types,
and if the tuples in the relation do not contain NULL valuégrt FC-OLAP can calculate fuzzy OLAP
cubes. The process of creating thus refined tables must Biecpp raw data in advance. The aim
of this process is to have a relation containing truly mittiensional data, where every tuple in the
relation corresponds to a point in an information space.

8.2.3 Overview

After the FC-OLAP application has been started, the userfite is displayed. The general appearance
of the user interface is shown in Figure 8.4.

£ FC-OLAP: Fuzzy Consolidation OLAP -0l x|
admin data file

[ Relations ||

Figure 8.4:FC-OLAP User Interface Look and Feel
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The interface consists of four parts: A menu bar, a meta objee area on the left, the cube view
area on the right, and a metadata panel on the bottom.

e The menu bar is used for all user inputs and controls. Albastiof FC-OLAP are accessible via
menu entries in the menu.

e The meta object tree shows all FC-OLAP meta objects defined database, such as cubes,
dimensions, or contexts.

e The cube view area displays cube reports, that is, the factdifdata cells in a cube definition.

e The metadata panel displays information about the curngne @iew, such as the current cube,

its dimensions and measure, the aggregation functiorgearation levels and slice or dice con-
ditions.

8.2.4 Data Administration

£ FC-OLAP: Fuzzy Consolidation OLAP

admin | data file

database connection

add relation
add cube
add context

add fuzzy context
[E

Figure 8.5:The Admin Menu

All user actions related to data administration are caflédh theadmin menu. Figure 8.5 shows
the content of that menu. This menu allows establishing abdste connection, adding relations to the
metadata, and defining cubes, contexts and fuzzy contexts.

e Establishing a Database Connection

After clicking on the menu entrpdmin / database connection , a dialog appears, as
shown by Figure 8.6.
x|
database url: feolap
username: michael
password: (A

administrator rights
auto connect

Figure 8.6:Establishing a Database Connection

Enter the name of the database server, and optionally ignlketdomain and port number. Enter
the user name and the corresponding password. If you wartidnge data in the database,
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check the administrator rights checkmark. If you want taHEEOLAP connect to this database
automatically on startup, select the autoconnect chedkmar

e Adding a Relation Description to the Metadata
In order to define cubes over a relation, this relation mustduked to the metadata manually.

add relation from database x|

table name: Tdwdata.<yxcdd | A
[fdwdata.<yxcdd
[fdwdata.PATIENT
[fdwdata.patient
fdwilata.test
[fdwdata.testrelation
public.ycxw

Figure 8.7:Adding A Relation

Clicking admin / add relation opens the dialog shown by Figure 8.7. This dialog lets
the user choose a relation which resides on the database.s&fter clickingok a description of
the relation, its attributes and elements, is added to thtadata.

e Defining a Cube

x
cube name: patient_cube
base relation: =
weonrs: [ 7]
dimensions:
dimension 1 | dimension2 | dimen: |»
Name: Body Mass Index

Figure 8.8:Defining a Cube

In order to define a cube, cliddmin / add cube . The dialog shown by Figure 8.8 appears.
Choose the relation on which the cube is defined, a cube nardeha cube’s measure attribute.
Define one or more dimensions by giving a name and a baseuattrib

e Defining a Context

The menu entrnadmin / define context enables the user to define crisp contexts on at-
tributes. In the prototype, context definitions are onlygilole on specific attributes of an existing
relation. After choosing the relation and attributes, tbatext definition dialog (Figure 8.9)
accepts context class definitions.

Theadd button next to the laballasses adds a context class to the context definition. After
clicking this button, two new buttons appear on the panele Batton labelednterval (or
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5

define context on public."patient".bmi:

context name  |(level(hmi)

Intenval 0 H Class Hame |

Figure 8.9:Defining a Context

subdomain in the discrete case) allows the definition of elements whiglong to the context
class. The button labeledfass name accepts the definition of a context class name.

Define the interval or subdomain for the context Class. Ifdbmnain is discrete, you can click on
the elements that are in the class. If the domain is contisupau can define an interval whose
elements belong to the class in the dialog shown by Figui@ 8.1

B
predicate 1: WBE
predicate 2: DE

Figure 8.10:Defining an Interval for a Context Class

This dialog allows you to define two predicates in order tdrigisthe attribute domain to an
interval subdomain. The predicates consist of a binary @iepn operator and a value. For
example, the operator= and the valug® define a predicate is greater than or equal t0.3

The interval consists of elements satisfying both prediatf you want to define only one predi-
cate (for example, the interval of elements less than 18) tive second predicate can be disabled
by choosing theop operator.

e Defining a Fuzzy Context

The menu entryadmin / define fuzzy context enables the user to define fuzzy con-
texts on attributes. After choosing the relation and aiteb, the context definition dialog (Figure
8.11 accepts fuzzy context class definitions.

The fuzzy context definition panel allows the definition ozZy contexts in the following way.
For every fuzzy context class, click on tadd button next to the labdtuzzy Classes . For
every class, you can choose a name by clicking ortlass Name button.

If the attribute’s domain is continuous, the membershigfiom is defined by interpolation points.
An interpolation point is a value/membership degree pair. &given value, you can choose an
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x
Define Context on fdwdata.PATIENT.BMI:
Context Name  |F_HEALTH(EMI}
Subdomains
Fuzzy Classes

16 Sum =10 WE

x
Enter Class Hame

Figure 8.11:Defining a Fuzzy Context Class

interpolation membership degree for every class.

| Bwiunten. || BwimEALL. |
16 Sum =10 | 1H| o
20 Sum=1.0 | | 15
2 Sum =10 | o] 1H
ar Sum=1.0 | 1H| i

Figure 8.12:Defining a Fuzzy Context Class2

For example, the interpolation points that have been emiarhe example shown by Figure 8.12
defines the fuzzy contexthealth which has been discussed in Example 3 in Section 6.4. Based
on these interpolations, FC-OLAP calculates the membefshiction shown in Figure 6.3.

If the attribute’s domain is discrete, you have to specifyeambership degree for every element
in the domain manually. For one or more elements you can fypgciubdomain by clicking on
thesubdomain button and choosing the elements by checkmarking them. IFsutadomains,
choose a membership degree for every fuzzy class.

8.2.5 Data Navigation

The data menu (Figure 8.13) contains all user actions caimgedata navigation and manipulation.
This menu is accessed for viewing and navigating a cube. ©hsilple navigations are slicing, dicing,
drill-down/roll-up, pivoting, and changing the aggregatfunction of the cube.
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& FC-OLAP: Fuzzy Consolidation

admin | data | file
] Reld view cube
¥ slice
& [ di
ice
il
drill
pivot
aggregation type
0

Figure 8.13:The Data Menu

e Creating a Cube View

In order to display a cube to the screen, clizta / view cube . Then, choose the cube to
be displayed. After that, a dialog (Figure 8.14) appearschvbaxpects the definition of the cube
view.

viewaube x|

cube: AGE_CUBE

aggregation: |avg | - |

dimension consolidation levels and positions:

[»

Body Mass Index

D onrows @ on columns

classification level: |F_HEALTH(EMI) =

Cholestrol Value

@ onrows D oh columns
P vy B
4« i [ 1]

| ok | | cancel |

Figure 8.14Creating a Cube View

First, choose an aggregation function. For numeric meagtnibutes, this aggregation function
can be one of the following:

— Count: Counting the number of tuples in the data cells

— Sum: Adding up the measure attribute values in the data cells

— Avg: Calculating the average of measure attribute values inateecklls

— Min: Displaying the minimal measure attribute value in the dettsc

— Max: Displaying the maximal measure attribute value in the delia c

— Classify: Creating the class of measure values in the data cells
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For categoric measure values, this aggregation functionesof the following:

— Count: Counting the number of measure values in the data cells
— Classify: Creating the class of measure values in the data cells

After that, for every dimension, you have to choose the cliciesiion level. This level consists of

a crisp or fuzzy context defined on the dimensional attribbtathermore, for every dimension,
choose its placement in the two-dimensional cube projectibich is displayed in the user inter-
face. This placement is eithen rows (that is, the dimension values are displayed in the row
header), oon columns (the dimension values are displayed in the column header).

£ FC-OLAP: Fuzzy Consolidation OLAP i [=] 3]
admin data file

[ Relations H Body Mass Index:  |low normal high All Columns: |~
¢ [ public "patient' H
o [ Aftributes H Cholestrol Value: Blood Pressure: 1
= Cuhes_ | good normal (4, 0.339) (&,0312) (L, 003 (4, 0.651)
o [] patient_cube H (B, 0.345) (B, 0.443) (M, 0.083) (B, 0.794) —
o[ aye_cube i (E,0.308) (E,0.013) (F,026) (E,0321)
(F, 0431 (F, 0.353) (¥, 0187 (F, 0784
(G, 0014) (1,0.087) W, 0.2) (G, 0.014)
(I, 0.0080) (K, 0.188) (1,0.073)
(K, 0.053) (L, 0.278) (4, 0.241)
(M, 0.0040) (M, 0.0020) (L, 03090
(N, 0.264) (M, 0.0050)
(v, 0.058) (M, 0.347)
0, 0.05) (P, 0:126)
(v, 0.253)
(%,0.25)
| good high (&, 0.59) (&,0187) (€,0.725) (&, 0:396)
E (B,0.02) (B, 0.023) (H, 0.058) (B, 0.043)
(E,0831) (E, 0.026) (L,0022) (£,0729) =
£ nanTo £ 0 nen Mo £k
cube: patient_cube
measure: patient_id
agyregation function: classify
dimensions on columns: Body Mass Index
i on rows: Cl Value, Blood P
consolidation: Body Mass Index ->f_level
consolidation: Cholestrol Value -> f_lewel{cstrl)
consolidation: Blood Pressure -> I_level{d_bp)

Figure 8.15:Resulting Cube View

Figure 8.15 shows an example of a resulting cube view on thmpile relatiorpatient(Table 7.1),
with classify ~ as aggregation function. The dimensi@tsolesterol Value andBlood
Pressure are displayed on rows, and the dimensBody Mass Index is displayed on
columns. The data cells contain the fuzzy class of patiehtsse health indicators are classified
by the data cell’'s dimension values.

e Slicing A Cube

Slicing a dimension of a cube means fixing it to a certain valneorder to slice a dimension,
click data / slice and choose the dimension to be sliced. After that, choosslidevalue
(Figure 8.16).

Only data cells who contain the valumrmal for the dimensiorBody Mass Index are
displayed in the resulting cube view.

For example, in the previous cube view, slicing the dimemBiody Mass Index to the value
normal results in a cube view illustrated by Figure 8.17.

¢ Dicing a Cube
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choose a slice condition x|

Body Mass Index =

Figure 8.16:Slicing a Cube’s Dimension

£ FC-OLAP: Fuzzy Consolidation OLAP ) [
admin data file

[ Relations H Body Mass Index:  |normal All Columns: |~
¢ [ public "patient' H
o [ Attributes 4 Cholestrol Value: Blood Pressure:
(= Cuhes. i good normal &, 0312) (4,0312) T
o [] patient_cube H (B, 0.443) (B, 0.443)
o[ aye_cube i (E,0.013) (E,0.013) ||
(F, 0353 (F, 0.353)
(I, 0.087) (1,0.087)
(W, 0.188) (K, 0.188)
(L0278 (L, 0.278)
(M, 0.0020) (M, 0.0020)
(M, 0.264) (N, 0.264)
(v, 0.056) (v, 0.058)
(W, 0.05) (W, 0.05)
#| good high (4, 0167) (&, 0187)
3 (B,0.023) (B, 0.023)
(E, 0.026) (E,0.026)
(F, 0.0060) (F, 0.0060)
(H, 067 (H, DET) |
£ 0041y f10041Y hd
cube: patient_cube
measure: patient_id
agyregation function: classify
dimensions on columns: Body Mass Index L
i on rows: Cl Value, Blood P
consolidation: Body Mass Index ->f_level
consolidation: Cholestrol Value -> f_lewel{cstrl)
consolidation: Blood Pressure -> I_level{d_bp) —
slice: Body Mass Index = normal lw|

Figure 8.17:Cube Resulting From a Slice Operation

Dicing a cube’s dimensions means restricting the possiioheidsion values. In order to dice a
dimension, clickdata / dice  and choose the dimension to be diced. After that, choose the
domain restriction. If the dimension values are discretéf, the dimension is consolidated by a
context, you can choose the elements in the restricted shamdividually by checkmarking them
(Figure 8.18).

If the dimension’s domain is continuous and the consolafalievel is the basic granularity, you
can choose an interval for the restricted domain. The iatatgfinition is the same as the one
used for continuous context class subdomains (see Figdye 8.

Figure 8.19 shows an example of a domain restriction, whieeedimensionBody Mass
Index has been restricted to the valuesmal andhigh .
e Drilling the Consolidation Level of a Cube

This operation is usually known as drill-down or roll-up. HC-OLAP, a consolidation level
change is accomplished by choosing a new context for a dimen# order to roll up or drill
down, clickdata / drill , choose the dimension, and then choose the new consofidatio
level by clicking on a context in the option dialog (Figur@@).

In the resulting cube view, a new set of data cells is displagae for each possible combination
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e |

Body Mass Index in:

[ low
normal
high

Figure 8.18Dicing a Cube

of dimension values. The new dimension values for the driflenensions are the classes of the
chosen context.

Consider the cube view shown in Figure 8.19. If we roll up theahsionBody Mass Index
from contextf_level tof _health ,the resulting cube view is the one shown in Figure 8.21.
e Pivoting

The placement of two dimensions in the cube view can be sedtbly clickingdata / pivot
Choose the two dimensions to be pivoted. After that, theltiagucube view places the first
dimension on the place of the second, and vice versa.

8.2.6 Data Input and Output

The file menu (Figure 8.22) encapsulates actions concedaitginput and output. It allows the user to
export the data of the current cube view, to save the cube sjEgification to the disk, and to load a
saved cube view specification from the disk.

e Exporting Cube View Data

click file / export view content in order to export a cube view to a table in CSV
(Comma Separated Values) format. A file chooser dialog agp@&#ere you can choose the
filename and folder of the CSV output file.

e Saving A Cube View Specification

Clicking file / save view config allows the user to save the specification of the cur-
rent cube view. This allows the user to recreate the same ki@, without having to specify
consolidation levels, slice and dice conditions and agafieg functions again. A file chooser
dialog appears, where you can choose the filename and fdltiez data output file.

e Opening A Cube View Specification

In order to load the specification of a cube view, clft& / open view config . Afile
chooser dialog appears, where you can choose the file whitthios the cube view specification.
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£ FC-OLAP: Fuzzy Consolidation OLAP

admin data file

-3 Relations Body Mass Index:  [normal high All Columns: =
¢ 7 public"patient H
o 7 Attribute s 4 Cholestrol Value: Blood Pressure;
[ Cubes i good normal (4, 0312) (L, 0.031) (A, 0:456)
o [ patient_cube : (B 04499 (M, 0,083 (B, 0.224) | |
o [ age_cube E (E,0.013) (P, 0128) (E, 0.0080)
(F, 0:353) (v, 0187) (F, 076
{1, 0.067) w,02) (I, 0.033)
(K, 0188 (K, 0.094)
(L, 0278) (L,0454)
(1, 0.0020) (M, 0.0010)
(M, 0.264) (M,0174)
(v, 0.058) (P, 0.083)
(w,0.05) (v,0.126)
(W, 0.125)
“| gooud high (£, 0187) (£,0729) (&,0.083)
:: (E,0.023) (H,0.058) (B,0M32)
(E, 0.026) (L, 0022) (€, 0.363)
(M, 0.073) |
(5 11194y fE_00030% ll
cube: patient_cube
measure: patient_id
aggregation function: classify
dimensions on columns: Body Mass Index L
dimensions on rows: Cholestrol Value, Blood Pressure
consolidation: Body Mass Index -> f_level
consolidation: Cholestrol Value ->f_level{cstrl)
consolidation: Blood Pressure -> f_level{d_bp) —
dice: Body Mass Index in {normal, high} |+ |

Figure 8.19:Cube Resulting From a Dice Operation

new consolidation level |

Body Mass Index in

base domain ‘ hd

base domain
level{bmi)
health{bmi)
[f_health{bmi)
_level

Figure 8.20:Changing a Cube Dimension’s Consolidation Level

8.3 Evaluation and Outlook

Our software prototype is a part of a feasibility study. Tlm af FC-OLAP is to show how fuzzy
classification can be applied to OLAP cubes. This aim has hdélled. The examples discussed
in the thesis have been successfully modeled and calculateg FC-OLAP. These examples and all
necessary data can be found on the CD-ROM on which the FC-CioAirce is delivered. Thus, the
implementation can be evaluated as sufficient to show th&ilfdity of the proposed framework for
fuzzy data consolidation.

Another advantage of FC-OLAP is that it provides the funwdiity of fuzzy data classification
in an easy-to-use graphical interface. An existing impletaton of a fuzzy classification tool fCQL
(Meieret al., 2003) was based on written queries in the style of the SQf§uage. For users in a real
world application, the graphical data manipulation is maekier to handle and faster to learn. In fact,
FC-OLAP is capable of providing the same functionality of ICin a more intuitive user interface.
The only difference is that in fCQL, the fuzzy classes are @dmvhile in FC-OLAP, those classes are
automatically generated by the distribution of dimensialues.

Furthermore, what is new in FC-OLAP is the possibility to igave fuzzy classes in OLAP-style,
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£ FC-OLAP: Fuzzy Consolidation OLAP

admin data file

[ Relations a3 Body Mass Index: | healthy unhealthy All Columns: el
¢ [ public "patient' H
o [ Attributes #| Cholestrol Value: Blood Pressure: 3
3 ounes | good normal (2, 0552) (2,009 (20850
=[] patient_tuhe ] (B, 0.76) (B, 0.035) (B, 0.754) —
o [J age_cuhe ; (E, 0.096) (E, 0.225) (E, 03213
(F,0.637) (F,0147) (F,0.784)
(, 0.073) (6, 0.014) (G, 0.014)
(K, 0.241) (M, 000200 |¢, 0073
(L,0.309) (N, 0.017) (W, 0.241)
(M, 0.0030) (P,0126) (L,0.309)
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that is by slicing, dicing, drilling down and rolling up théntensions of a multidimensional data cube.
This combines the analytical approach of OLAP with fuzzyssification.

Still, FC-OLAP is only a prototype. Many features necesgarya functional application are lack-
ing. This section gives some thought on the shortcominghefC-OLAP prototype, and proposes
improvements for a possible future implementation, in otdgrovide a fully functional software tool
for data analysis.

e Scalability: The prototype is not scalable for large amounts of data. i§tiecause cube contents
are not cached in a star scheme. This could be improved bypm@tng the cube content when
a cube is defined. A star scheme would contain the facts faryquessible combination of
dimension values, dimension consolidation levels, andegggion functions. However, this star
scheme would have to be extended to fuzzy dimension cat=go fuzzy dimension table
could store for every dimension value the categories tagetlith the membership degree as a
pair. A different approach would be to extend the dimensidtets, where the rows correspond to
category names, and the cells store only a numeric membpetspiee. Anyway, the development
of afuzzy star schenis one of the great challenges of a future implementationzfy OLAP.

e Usability: The prototype’s usability is restricted, because it onlgvas$ the definition of meta
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objects, but not their removal or deletion. A future impleradion should provide the possibility
of editing and deleting relations, cubes, dimensions,edst and classes.

e Security: The current implementation is not secure, because the akdaerver password must
be known in order to connect to the database server. A futoptementation could provide
a three-tiered architecture using a web application seamdra web user interface. Thus, the
password would securely reside on the web server, and the stsauld access the interface using
a standard web browser.

e Definition of contexts on other contextdn the prototype, it is only possible to define contexts
directly on the attribute’s domain. However, in order to defilimension category hierarchies, it
would be comfortable to be able to define contexts on top aftiexg contexts. Furthermore, in
the crisp case, this also saves calculation time.

e Reusable Contexts:In the prototype implementation, contexts can only be ddfime specific
attributes. Therefore, contexts that have been definedaarcaot be used for different relations.
The solution is the definition of contexts on abstract domaifhen, relational attributes are
associated with abstract domains, and thus, the contefitedeon the domain are applicable to
the attribute. Using this approach, contexts defined onedeaused for an arbitrary number of
relational attributes with a compatible domain.

o Predefined Time CategorigSontexts on time attributes are always the same, namelyghdays,
months, years, et cetera. Thus, these time-related csrdextd be predefined in the application.
This would facilitate the historization aspect of a dataehause.

e Data Types: The range of data types which can be handled should be extémdéuture version.

e Charting: For crisp data cubes, a future implementation could progidehical support for the
display of charts visualizing the cube’s contents.



Chapter 9

Conclusion

9.1 Summary of Results

The question about the use of fuzzy classification in a dat@haase is answered by a concept of
OLAP-like data analysis using fuzzy classes for the codsatilbn of raw data into decision support
information. The development of the mathematical framéveord the implementation of the prototype
application present a feasibility study for fuzzy classifion in OLAP.

The concept of fuzzy data consolidation has been inspirechiijidimensional data analysis de-
scribed in (Codd, 1993) and the concept of fuzzy aggregqtiesented in (Schepper al., 2004).
The main approach is to turn the abstract idea into a specifibematical framework and a correspond-
ing prototype computer program.

The basic idea of fuzzy data consolidation is that an OLAPequresents a collection of multidimen-
sional classes of data elements. Every data cell corresporal class whose classification predicates
are given by the dimension values. Accordingly, if a fuzzyAPLcube contains fuzzy dimension cat-
egories, its data cells correspond to fuzzy classes defipelebdifferent membership degrees of the
dimension values of a data element in those categories.

The mathematical framework consists of five parts: (1) rdittensional information, (2) fuzzy
attribute categorization, (3) fuzzy tuple classificatifh) aggregation of fuzzy classes and finally (5)
the layout of fuzzy-aggregated information in OLAP-cubEBst, every Cartesian product of linearly
independent data domains represents a multidimensioivdllptiice, which is a kind of discrete coun-
terpart to a vector space. The attribute’s domains presemrsions, and tuples present points in that
space. Second, fuzzy contexts can be used for dimensiogoced&tion in OLAP cubes. Third, the
combination of classification features using fuzzy intetiea leads to fuzzy tuple classification. Using
the algebraic product operator provides summarizableatgeegation. Fourth, tuples in a fuzzy class
can be aggregated by fuzzified relational aggregation ¢qerauch as sum, count, average or minimum
/ maximum. Fifth, this information can be represented by ®Leubes, in a way that allows the navi-
gation of fuzzy classes by slicing, dicing, drill-down ardl4up operators. The drill-down and roll-up
of consolidation levels can be accomplished by applyintedght fuzzy contexts on the dimensional
attributes.

The advantage of fuzzy classification is a more accurateatiton of tuples to classes. Examples 16
and 20 illustrate this point. Relatigratienty(Table 7.1) contains information about two patients with an
identificationV andW. Both patients have the same health indicator values, wdifference of some
decimal points. But because this negligibly small differeirs exactly at the limit of the crisp classes,
patientV is classified in the most healthy class, but patiénis classified in the most endangered class
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(see Example 16). Using fuzzy classification removes thatodion, and the two patients are assigned
to multiple classes to certain degrees (see Example 20).

A software prototype has been developed, which implemenépproach to data analysis based on
fuzzy classification in combination with OLAP cubes. Thistotype allows the definition of OLAP
cubes with fuzzy dimension categories. These cubes canemegiand navigated using the OLAP
operators slice, dice, and drill, which have been extenddd4zy dimension categorizations. Such a
data analysis tool provides an intuitive access to the m@digig and consolidation of fuzzy-classified
information.

9.2 Personal Evaluation

Joseph Weizenbaum, Professor emeritus of MIT and inveffitihedamous ELIZA program (Weizen-
baum, 1966), wrote the epilogue to the book (Jdhn & Nagel3R0Be writes*One began thus with
the search for an intended purpose for an existing techricédglevelopment. However, we should ask
guestions about the actual need, instead of beginning withiacidentally feasible solutionWhen

a new technology is invented, sometimes what is missing i©hlgm for the solution. Even (Codd,
1993) admits thatlT should never forget that technology is a means to an emd,am end in itself”
The same holds true for the application of data warehousitgalthcare.

Fuzzy classification and data warehousing are existingntdoljies. Searching for an intended
purpose of those technologies in the field of e-Health witlaonecognizablaeedis exactly the mistake
professor Weizenbaum warned about in the epilogue of (JaNagel, 2003). | believe it is wrong to
impose an existing technology on a field of application withobvious requirement, especially when
it comes to sensitive data in the area of healthcare.

A possible application of OLAP with fuzzy data consolidatie a data warehouse of patient medi-
cal records in a hospital. Data cells would represent diffeclasses of patients which imply different
patient treatments concerning medication, diet and tlyerApother application in a health insurance
company would be to classify their customers according édr telectronic medical record. Different
classes of customers could be provided with specializegcept®n or therapy information according to
fuzzy categories of their attributes. Such an informatigstesm would certainly combine the technolo-
gies of fuzzy classification, data warehousing and e-Hedlitbwever, the question remains whether
that system is actuallyeeded

The presented framework for fuzzy classification in OLAP Imilge applied to customer relation-
ship management in general. For example, many companiesamainterest in classifying their cus-
tomers according to certain features. This classificat@m lse described by linguistic variables or
fuzzy contexts. A software using the concepts presentedunyF&-OLAP prototype would allow
fuzzy-classification-based data analysis in an intuitivaphical software environment.

9.3 Outlook

The mathematical framework presented in Chapter 7 is a fitesh@t in modeling multidimensional data
hypercubes with fuzzy dimension categorization. Anywapeeially in mathematics and informatics,
the statemergmall is beautifuls very true. Accordingly, a future challenge might be theedepment
of a simpler conceptual model without loss of expressiongrow

The software prototype showed that fuzzy classificationlmapplied to OLAP cubes. However,
during the process of implementation, two conclusionsafosthe future pursuit of fuzzy classification
in OLAP. First, the fuzzification of dimensional categorieads to a dimensionality problem. Using
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fuzzy classification, every data element has to be classifiedery class of the corresponding catego-
rization level for every dimension. This increases the wlakion time to the power of the number of
dimension categories in comparison to the crisp case. Esddbe considered when a scalable appli-
cation is built. Second, a fuzzy class is not as easily utaedsble as a crisp class. Non-technical users
may not be familiar with the concept of numerical memberslgigrees. Thus, a real-world application
might defuzzify a fuzzy class to make the resulting cubesemeadable.

As discussed in Section 8.3, the software developed in thsten's thesis is far from being opera-
tional. Many features are lacking which are necessary faadable deployment of an OLAP system
in the real world. Yet, the FC-OLAP prototype presents aersible framework for the application of
fuzzy classification to OLAP data analysis. If the approatctupzy data consolidation turns out to be
worth a further research effort, a future implementatiogmireuse parts of the FC-OLAP program.
The object-oriented metadata model, the JDBC databasssaand the model-view-controller architec-
ture of the graphical user interface present reusable tBglpon which, without starting from scratch
a more scalable OLAP tool for fuzzy classification can betbuil
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