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Abstract/7 A data warehouse is a special database used for degree values (usually between 0 and 1) for eabhl la

storing business oriented information for future aralysis and
decision-making. In business scenarios, where sonwé the
data or the business attributes are fuzzy, it may é useful to
construct a warehouse that can support the analysisf fuzzy
data. Here, we outline how Kimball's methodology fo the

design of a data warehouse can be extended to the

construction of a fuzzy data warehouse. A case stud
demonstrates the viability of the methodology.

Index TermsJ Data Warehouse, Fuzzy Data Warehouse,
Fuzzy Systems

|. INTRODUCTION

(e.g., 0.3/low, 0.9/high). Afterwards, these valwes be
incorporated into a computational framework thatl wi
support a decision process (e.g., approval of aption)
[4].

When important business data or business measures o
entities are fuzzy, it may be useful to construtiizzy data
warehouse that can directly support the analysifunfy
data. To the best of our knowledge, no one has ever
investigated the fuzzy data warehouse.

Fuzzy relational databases extend the relationshef
classic relational database and allow the storimgl a
mapping of fuzzy data. An extensive literature &xisn

A data warehouse (DW) is a special database used fazzy relational databases [2], [5], [7], [14], [L&alindo

storing business-oriented information for futurealgsis
and decision-making.

et al.[9] review most of the previous work. The fuzzyFEE
model [9] supports the modeling of fuzzy attributkezy

The most commonly used methodology today iaggregations, fuzzy constraints, and more.

Kimball's [11], [12]. It describes the process @nislating
business data and business processes irdomansional
model The dimensional model present$aat tablds) that
is indexed by severalimensions table¢see Figure 5 for
example).

The processing of fuzzy data in the OLAP model has
been studied by [3]. The aggregation of uncertaid a
ambiguous data has been studied in [18] and [Slgdd®
et al.[6],[7], present the most relevant work in thisldi - a
fuzzy cube model, which includes structural and

The fact table presents some numeric measureshaird t gperational definitions for fuzzy dimensions, fuztacts,

descriptive text, such as values that represeetdsting

measures of the business processes (e.g., COSf#s,pr present

etc.). The descriptive values - annotated as diloess-
represent business entities (e.g., customers, pneglucts,
etc.). The facts are presented and manipulated-diogoto
the entities combination (e.g., facts regarding"thething"

fuzzy cube tuple, and fuzzy hierarchies. Furtheemtiney
operational  definitions  for  aggregations,
manipulation by dimensions (roll-up, drill-down,icd,
dice), and fact tables.

While the work of [7] presents the mathematical
foundations for the fuzzy OLARmMplementation it does

product category for the year 2002). In some case®t discuss thelesignphase. The novelty and contribution

dimensions are also divided into levels of hierasHe.g.,
products, their categories and subcategories).
After designing the basic schema of the DWata

in this paper is the extension of Kimball's methody
[12] for the construction of &uzzy DW Moreover, in this

paper we present techniques and guidelines for

staging and ETL processes (Extract, Translate, Load) argnplementing a fuzzy DW.
used to extract the business oriented data from theThe rest of this paper is as follows: Section kgaEnts

organization's transaction-oriented operationalalkses
and load it into the DW. Knowledge workers query BwW
for business questions of interest (such as whiodyzt is
the most profitable). There are already well esthbd
methodologies for the construction of erisp data
warehouse [10], [11], [12].

The theory of fuzzy sets facilitates the codinchafman
knowledge in the form of linguistic concepts [2[1]3]. For
example, the concept produptomotion impactcan be
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the design methodology for a fuzzy DW, with an eglm
section Ill presents some fuzzy operators and dipesa
supported in our fuzzy DW; and section IV concludeth
a discussion.

1. THE MULTI-DIMENSIONAL MODELING METHODOLOGY

The purpose of this section is to introduce an resita
for Kimball's methodology for designing a DW. The
extended methodology enables the incorporationunfyf
elements into the classical dimensional model. \Wiire
the new capabiliies and the greater flexibility tfis
methodology with a case study.

The case study introduced in this section is basethe



"AdventureWorks Cycles" DB In the case study we will be equivalent to the granularity of the crisp d&¥en this
focus onthetables dealing with sales over the internet ands not possible, the designer can incorporate tiezyf
marketing The products sold are bicycles, their accessoriedements in the DW using a summarized or lightly
and components, and related clothing. The custowens summarized cube. Please remember that an unreliable

be individual customers or commercial stores. Sofrihe

granularity will decrease the trust of the usershie fuzzy

most significant management decisions have to db widata. It is possible that the designer will disaavesteps 3

pricing and product promotion. Both store manageraed

marketing headquarters spend a great deal of titkering

with pricing and promotion. Some business datacaisp

(e.g., the price of a certain product at a spetiifie), while

other data are fuzzy from a business point of vi€ar

example, stability is a desirable attribute for Hades of a
product in general or in a given region. Anothearaple is
the case of a product promotion, and its impacttimn
product's sales. A fuzzy DW can help the chain mgarsa
analyze their business and make better businessatex

We now present the extension of Kimball's four step

methodology [12].

A. The First Step: The Selection of the Businessdas

A business process is a natural
performed in the organization that is supportedabyata-

or 4 that the grain statement is wrong. In thataae¢ he
must return to step 2, re-declare the grain cdsreend
revisit steps 3 and 4 again.

Second step exampl&he atomic information captured
by a business processassingle transactiordone on the
internet. For the crisp data warehouse, we keeitfeest
granularity of the data: the single internet tratisa. For
the fuzzy data warehouse we will take the sameudmaity.

C. The third step: selecting the dimensions

The question to ask herewsich data can contribute to
the understanding of the business questionBRe
dimensiongepresent the data that result from the business
process. The dimensions contain descriptive inftiona

business activitggarding the facts. The designer should assoeath fact

with all possible descriptions understandable te th

collection system. The understanding of the businedusiness users. Examples of common dimensionsdaclu
requirements should be combined with the understgnd date, product, customer, Sales Territory, etc.

of the available data, and translated into busipessesses.

Once the grain of the fact table has been chosest af

The most efficient means for selecting the busipessess the dimensions are easily identified. Dimensionscivtare
is listening to the users. The process with thetrimopact harder to identify are derived from the businessstjons,
on the business is modeled first. Examples of lssin and, therefore, the designer must understand teadms
processes include raw materials purchasing, orgerinquestions. The dimensions in a fuzzy data warehmigbt

shipping, invoicing, inventory, and sales. This pstis
similar for the design of either a fuzzy or a cridpta
warehouse. The difference is that business prosessrild
be also analyzed for possible (or natural) fuzzgesion in
the representation of the chosen process.

contain crisp as well as fuzzy labels. We will fidiscuss
the fuzzy dimension definition (C.1) and then dsihe
fuzzy hierarchy definition (C.2).

C.1 Fuzzy Dimensions

In order to identify fuzzy elements in the dimemsipthe

First step exampleThe process with the most impact ondesigner should investigate the source data-cmlect
the business is modeled first. In the AdventureWorksystem for unknown or missing data. Then, he needs
example, the management wants to understand bettensider if the concepts of the business procegsbmiaefit

customer purchases as captured by the POS (pogatie).
They would like to analyze which products are saléach
location and under what promotions.

B. The Second Step: Identifying what is the Gréithe
Crisp and Fuzzy Data

The grain conveys the level of detail associatetth wie
fact table measurements. It provides the answethéo

from fuzzy labeling. For example, tlstability of the sales
of a single store is a fuzzy concdptable sales, unstable
sales}which is interesting from a business point of view
A fuzzy dimension is actually an extension of aspri
dimension. For each crisp instance (row) we assodiae
fuzzy variable values. This is done by defining uazy
dimension table with a column for each label of thezy
variable (e.g., the labels/columns high, low fore th

question,“How do you describe a single row in the factyomotion impact variable). The fuzzy dimension htigot
table?”, or "What level of detail should be made availablg.gnform to the crisp one. In some data marts, tersu

in the dimensional model?The recommendation is to might not need the fuzzy dimensions. In addition fitzzy
include the most a_ltomi_c i_nformation_captured byuaibess  yimension might contain many labels, burdening dtisp
process [12]. For identifying the grain of the fuziata, we  gimension in terms of disk space. Therefore, tkisresion
need to answer the questitwhat is the most atomic level .54 pe done by associating a new fuzzy dimensioe ta

that will give valuable and reliable dataFuzzy data, by
their nature, are not precise, and yet they havebeo
reasonably correct. For facilitating the query gsses, we
generally prefer that the granularity of the fuzata will

The Adventure Works Cycles is a fictitious multioatl
manufacturing company that manufactures and sedtslnand composite
bicycles to North American, European and Asian cemoml markets.
The AdventureWorks DB includes data on sales andketiag, products
produced, purchasing needs, vendor relationshigh rmore. Further
details can be  found in http://msdn2.microsoft.cam/
us/library/ms124825.aspx.

the table in a 1:1 relationship, the two being eshiinto a
single table on demand. Fig. 1 outlines this retethip.
Both tables share the crisp dimension key attribwtach
identifies the given attribute instance.

We now describe how to define a fuzzy variable. The
basic information needed is the source table ardnuo
names, the crisp dimension to associate, the fuzzy
dimension name, the attribute type, its propertes] how
it is calculated. These details are defined by &/
designer after consulting the "expertd7 usually the



business managers and the fuzzy logics expertatied
The designer can also use classification and oth
algorithms which output fuzzy values. The fuzzyibtite
values are based on a source crisp value (e.g), Bgeh
label of the variable (old, young, etc.) has a fiomcwhich
transforms the crisp value into a membership degahge
(e.g., trapeze, triangular, etc.). We call thestaitdethe
"Fuzzy attribute definition report”, which is asseyl to
every fuzzy attribute defined in the model. Moréaile can
be found in the following step example. This repsnised
at the physical design and ETL stages. The ET

"Age" and the fuzzy dimension’s name. These défing
ean be done by specifying a fuzzy classificatiogpathm
to use. In our example we will represent these yuzz
variable labels with trapezoidal membership fundio
Trapezoidal functions are defined by four pointfpha,
beta, gamma, delta, which graphically form the érap(see
table and graph, Fig. 2). The points' values afsne@ by
the "experts," us in this example. These functtoassform
the age into membership degrees. For exampleg idge is
40 it is transformed to mid-age/l and young/0.3e Ege
\ariable can already be populated in the extragtibase,

programmer populates the DW according to this repoisince it depends on the customer age that existhedn

Notice that the designer has to decide when to lptpthe
fuzzy attribute, in the extraction phase or atdhta staging
phase after the needed crisp values are alreadylgieg.
The decision should be based on whether addit&taging
zone calculations are needed or not. For examplbeif
fuzzy attribute is dependent on the age of theocnst,
then this information already exists at the opersti DB.

In cases when the operational systems have missing
vague data, the designer can define fuzzy cont¢batswill
describe it. These concepts can be used as a ihtgtta
degree regarding the data correctness.

In the following example we represent an examplthef
"Fuzzy customer age dimension report" (Fig. 2).

Third step exampleart C.1: Once the grain of the fact
table has been chosen, dimensions suctass product

and sales territoryare obvious. Other dimensions, such a

the promotion dimensignare derived from the business
questions. In order to simplify the case study, agsume
that there are no missing or incomplete data siee
transactions are done on the internet; therefohe t
dimensions result from fuzzy business concepts.

The first fuzzy dimension we will discuss and fully
demonstrate is the custorrage dimensionThis dimension
is probably the easiest to understand and the thageute is
a very common fuzzy attribute. The idea is to defihe
customer age in groug¥oung, Mid-Age, Old}Computing
of the customer's membership in each group is basd¢de
customer's age.

In Fig. 1 we present an instance of the "Customge"A
dimension.
customer age can have several valuésufg, Mid-Age,

Old). A membership degree is given for each value. Th

"Customer Age" dimension is actually an extensibithe
crisp "customers" dimension. It is associated tottble in
a 1:1 relationship. Both tables share the custokesr
attribute, which identifies the given customer. the

"Customer Age" dimension we define a column forheac

label of the fuzzy variable "Age".
TABLE 1: AN EXAMPLE OF THE FUZZY CUSTOMER DIMENSION

KEY  NAME AGE YOUNG  MID AGE OLb
1 C1 40 0.4-05 0.8-0.9 0
2 C2 55 0 0.6-0.7 0.3-04
3 C3 35 0.7-0.8 0.6-0.7 0

In order to populate the fuzzy age dimension th
designer has to specify the "Fuzzy customer agemkinon
report’. First we define the source column
operational DB on which the fuzzy attribute will based.
In our case it is the age field in the customebsetaThen,
we need to specify the definitions for the fuzzyribtite

The figure demonstrates how any give

operational DB. The final report is presented in. 2.

Customer_Dim

Customer Key | Key of Fact table [1 ]

Customer Name
Other Atr ..

POS_Transactions

Membership d:egree [11]
'

CustomerAge_Dim

Customer Key
Young Degree
Mid Age Degree
Old Degree

Fig. 1. An example of the fuzzy dimension Custoge

SOURCE TABLE- CUSTOMERS FIELD- AGE
5 DESTINATION: Fuzzy DIMENSION- DIMCUSTOMERAGE
CRISPDIMENSION - DIMCUSTOMERS
Fuzzy AGE LABELS:

LABEL NAME ALPHA BETA GAMMA DELTA
YOUNG 15 20 33 45
MID AGE 30 39 45 60
OLb 50 60 INFINITY NULL

INTERVALS: YES{O, 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9 1}

Young Mid Age

" /7&%
|
© 20 4c GC 80 10cf 12C.

Fig. 2. The "Fuzzy customer age dimension report"

Note that in the last section of the report we spetthe
attribute’s intervals. We have chosen to divide th&ues
into ten equal intervals, but the designer can shoany
other separation or use the actual values withutervals.
The designer can make use of the intervals when
representing the fuzzy attribute as a fuzzy din@nsi
attribute. The intervals are translated into bafelg., 0
until 0.1, 0.1-0.2 etc.) The same technique is usbdn
describing numeric crisp fields such as the numbker
eustomer's children or yearly income.

After the report is ready, the ETL programmer caa it

in thavithout having to ask the designer about its défins. The

only additional action is to implement a customifedzy
trapezoidal membership function. It will use thésprage
column and assign the membership degree of eaehtiab



the customer's age value. The calculation is adogrtb
the labels trapezoidal function. In Table 1 we pr¢san
example of the union between the customer and fagey
dimension.

this attribute as a type 3 or 4 attribute in thedok. In
Table 2, we present the format of such a variable.

The designer can define several membership degree
attributes, each one having a different meaningsuch a

There are many more optional fuzzy dimensions. Faase the bridge table will be extended with moreiroas

example, consider that tis¢ability of the sales in a specific
store (possibly also for a specific time and prdpgould
have fuzzy values, (e.g., the sales could umstable
stablg. Sales stability is an interesting business cpnfm
the management. This fuzzy attribute may indicdta i
certain sales territory is always successful oryoat
specific times (e.g., seasons). Témes territory stability
may be estimated from the variance in the hourlgrage
sales (in dollar amounts), as recorded by the R@H( of
sale).

for each similarity degree between the levels.
TABLE 2: THE FORMAT OF A FUZZY VARIABLE WITH SIMILARITY MATRIX .

PARENT/ CHILD PL PN
C1l o1 L 0.7
cMm 0.3 e 0.9

Third step exampl@art C.2 In Fig. 3 we present an
example of the fuzzy hierarchy between productgate
and subcategory. We have defined two similarityrees
the "fuzzy Categorical Similarityand 'crisp Categorical
Similarity’. The first describes the fuzzy similarities

In the products dimensiarthe management is interestedoetween the levels and the second one represeats th
in what product brands items are sold more (ogriginal crisp relationship. The crisp relationsispdefined

respectively, less) frequently than others. Theefoa

fuzzy label representing the product brand popiylde.g.,

unPopular Popular, VeryPopulaj is useful. This attribute
can be estimated by comparing the sum of the ptciles
to other products' selling rate.

Fuzzy dimensions and attributes can be based oe m
sophisticated calculations than we have shown, r
results from querying the stores personnel, andigethe
end will be represented by simple labels that ateitive
and promote the understanding of the data warehoseses
(e.g., young, old, stable, etcQur methodology supports
any fuzzy attribute (some good definitions are pnésd in
Galindoet al. [9], chapters 4, 5).

C.2 Fuzzy Hierarchies

In some cases the designer might find that a difoens
hierarchy should be represented as a fuzzy hieyafebr
example, consider the product dimension. A typicaduct
dimension may have the product level, the catedprsgl,

as one when there was a relationship and zero whes.

Product Fact internetSales
. i
ProductKey Key of Fact table |1 n]
ProductSubCategoryKey
ProductName
OtherAtr
DI 1
S [1n]
! ProductCategorySubCategoryBridge
ProductSubCategory
ProductSubCategoryKey
ProductSubCategoryKey [1n ProductCategoryKey
ProductSubCategoryName * | fuzzyCategorialSimilarityDegree
OtherAtr crispCategorialSimilarityDegree

[1m]
[ ]

ProductCategory

ProductCategoryKey
ProductCategoryName
OtherAtr

Fig.3. An example of the fuzzy product hierarchy
Using a fuzzy hierarchy has advantages as well as

and the subcategory level. In many cases, a produlisadvantages. If we use a fuzzy hierarchy, thencae

subcategory can belong to several product categjofier
example, Bicycle Helmets can be considered eitlsen a

analyze child elements that can have several difter
parents. On the other hand, the fuzzy hierarchynhtmgpke

clothing element, a bicycle component, or a bicyclthe DW very complex and confusing. The similarity

accessory. Therefore, the designer can associate
"Helmet" product subcategory to several productgaties
and assign different membership degrees to eaathupro
category (e.g., 0.3/Component, 0.9/accessories,
0.5/clothing). The technical meaning behind thezjuz
hierarchy is that the child and parent levels \midive a
many-to-many relationship. This kind of relationsis not
common in the classical DW but Kimball did mentithe
feasibility of such a relationship in a DW. Thisndi of
relationship may occur, for example, when sever

customers share the same bank account and at e s&

time have other private bank accounts. The soliftorhis
problem is adding a "bridge" table between the maaad
child levels. The bridge table holds combinatioristie
parent key and the child key and,
membership degree is added between the two lexisit
The designer will specify the membership degreevéen
each category and subcategory. The specificatianfozzy
hierarchy is done using a fuzzy variable type thattains a
similarity matrix. The similarity matrix defines eh
membership degree in the bridge table, which casrbe
parent level and the child level. Galindbal. [9] defined

tlegrees stored at the bridge table can be usednasisure
in the fact table. They can also be used as a Wwelg
affects the other measures in the fact table. Wefuvther

adigcuss this property in the next step where weé dehl

with defining the facts and their measures.

D. The fourth step: identifying the facts

In this step the designer determines which fuzzg an
crisp facts will be included in the fact table. \Whe

Setermining the facts, the designer must understeimak

he business users want to measure. Considering the
potential facts, he may discover that some adjustsnare
required, either to the grain assumptions (stemR2jo the
choice of dimensions (steps 3). If a fuzzy facbhgk to a

in addition. thdifferent grain, it will be placed in a differemore or less

summarized, fact table. In the case of a crisp, feot
designer can decide to transform the crisp faa fozzy
one for adapting to the chosen granularity or axelit in a
different table. Examples of crisp facts are thales
quantity, the sales dollar amountetc. For efficiency
purposes, some crisp or fuzzy measures should &e pr
computed (e.g.profit = sales price — costs prigeand



stored in the fact table. hierarchy and a similarity degree between the prtsdu

Fuzzy measures are defined on the base of crisptegory and subcategory. We added two measurgsdel
data/measures when the designer wants to represtmthe fuzzy hierarchy, defined in the previoupsi&/e will
measures that cannot be translated to a crisp nuRbe use the similarity degree in the bridge table aseasure,
example, if we consider theansaction costandprice we "fuzzy Categorical Similarity The membership degrees
can define a fuzzy measure calledalé profitability stored in the bridge tables can be uss@ctual measures in
(lowProfits, normalProfits, highProfi}s This measure can the fuzzy fact table, each value being assignedh&
be computed from the ratio between the price arstiscof relevant fact. For exampkobs shirt will be stored once as
the transaction. If the ratio lEgh then it will have a higher accessoriesvith a membership degree of 0.3 and another
membership degree to thehProfitslabel. Another option time asclothingwith a membership degree of 0.8. They can
is to use the fuzzy dimensions attributes as meastior also be used as weights which will influence thedgpart
example, we can add the fuzzy meagqunaduct popularity  of a hybrid measure). The second measure we disfithe
Each fact in the fact table has a product key agwatto it. "crisp Categorical Similarity".This degree will hold the
Therefore, we can add the product popularity vatoethe original crisp degree between the product subcayegnd
fact table line. category.

Our fuzzy DW also offers a hybrid measure. The tybr
measure is a combination of fuzzy and crisp measuias © w“ TFUZ§: PRXMOTION ISN/LPAC;REFF’SRT «
kind of measure can be used when we want to usieiziag o o MIOUNT, SALESTEL FROMOTIONREY
degree as a weight which affects the crisp meadtoe. ) —

. promotionincreaseRatio[i] =
example, we can use the fuzzy product categoryatuby promotionAverageProfits[il/NoPromotionAveragePrsfit
introduced previously as a weight. The fuzzy degreq |i- Number of promotions
stored in the bridge table will be added to the fable and
will be used as weights. ,
. . DESTINATION : FACTINTERNETSALES

The fact table is populated with the fuzzy meastnes | promoTioN IMPACT LABELS:
adding a column to represent each fuzzy attribateell
Again, the designer has to define everything in fiezy
variable report. The report format is almost ideaitto the | _Highimpast =S e o0 Gl
dimension fuzzy attribute report format. The mair| M=dimrast 11 = = s
difference is that we do not specify intervals fitre 11 &
measure. The measure is numeric and we will store f | Low. Med High
each fact the exact similarity degree to the aitedabel.

An attribute should not be defined with many labels
because, since for each label we create a sepagegtsure
column, the user will be confused if he is presgnigth
more than 3-4 different labels. Moreover, the tgpifact 0
table will include more measures (crisp and fuzzy). Ratic ] 5 ! l 4' |S

Fourth step exampieThe crisp facts are collected from
purchasing transactions over the internet. Theludethe Fig. 4. The fuzzy promotion Impact measure report
sales quantitythesales dollar amounsales costs amouynt ~ F19- 5 outlines a possible dimensional model foe th

and thenet profit which is computed at the staging area a8dventure Works Cycle interet sales. This schema
sales profits minus costs. The fuzzy measurestefést are Presents the final outcome of the presented casey st

the product popularity sales profitability and promotion €x@mple. A box is drawn around the fuzzy measunesea

impact on salesComputation of the first two measures ha€ircle around the fuzzy dimensions. The schemaesepits
already been explained in the previous paragraphs. the fact table with the fuzzy product category &iehy and

The promotions impadis possibly the fuzziest, since it is (€ other dimensions. _
difficult to capture the contribution of a promatito each W€ recommend that if the user decides to add fuzzy
sale. Therefore, we defined theomotion impactabel as Nierarchies to the DW then he should separate e f
(highlmpact lowlmpact mediumimpagt We estimated the tables with _fuzzy hlerarchl_es f_rom their “twin o(lmthogt
promotion impact from the ratio betweaverage sales the fuz_zy h|erarch|es). This will help the DW ustrysavoid
when thepromotion was on and theaverage salesvhen confusion and mlstalfes. Furthermore, the fuzzy_ oress
there was no promotion. It will be computed at shaging related to the fuzzy hierarchy are removed. Thesfacthe
area after we have populated the crisp data nefedetie crisp "sister" fact table are fewer and differenedo the
calculation of the formula. In Fig. 4 we presens fuzzy fuzzy hierarchy. The relationship between prodiategory
promotion Impact measure report. Notice that is teport and subcategory isl:n. instead ofn:m. Other fuzzy
we added a formula for calculating the row crispadato  €/€ments can remain in the "twin" fact table sittugy do

the desired crisp ratios which will be used for fhezy NOtinfluence the crisp facts and dimensions.
measures calculations. The fuzzy DW offers several types of fuzzy attrimytall

Now that we have designed the basic schema - dgfini®f Which can be supported by the fuzzy cube [7p Tuzzy
fuzzy and crisp dimensions and measures - let's@edhe attributes presented in the schema can be implemana

fuzzy hierarchy defined in the third step affedie DW any type of fuzzy database. . o
measures and fact tables. Previously we definedzayf ~ 1hese four steps cover the essentials for desigaing

Label Mame Alpha Beta Gamma Cielta

-

Lowlmpact rll




feasible and useful fuzzy DW. This fuzzy DW can beelated to a subcategory. Furthermore, if we haremsl
qgueried with queries such as "present the effect @izzy levels, then the fact will clone itself resively
promotions on the profit", "what is the products further according to the cardinality between thédchn
popularity', or "what is theprofitability of the sales These and their grandchildren.

types of query are not supported in today’'s “cladsBIW Fuzzy hierarchy measures can be very useful. Thipica

model. the number of relationships between a child andetgeral
D DimProduc parents is much smaller than the cardinality vgimg. It is
ate_Dim i . L. )
- @ oroducl_Key dependent on the designer's decision. In our camepsive
52;6,'“" [FIETEL ey 11 ProductSubcategoryKey case study implementation the maximal enlargensatof
VeryPopularDegree Produci_Name . . .
ety PopularDegree FrediEL[Fres of a fuzzy hierarchy was only 3.78 times the omgjifact
g;)ynth UnPopuIarDegree/ Produci_Cosl table [21]
N Other Atr ... -
T . . .
i [1n] [/ 1 When using the bridge table technique (as for the
|“ n product dimension in Fig. 5), we are not forcedattually
P DimProductSubCategory _create _the _ full fuz_zy fact te_lble. We can store the
Promotior _Dirr : information in the bridge tables instead of clonthg same
— H r-POS_Transactlor_ID ProductSubCategoryKey . .
Promotion Key -Date_Key SubCategoryName fact again and again. Afterwards, we can creatdther
Pi tion N Product_Key Other Atr ... .
Promotion Type. SalesTeritory_Key partial fuzzy fact tablen demand
Start Date grolmotli:)or"_ Ke,i )
End Datt ales_Dollar_Amount
e Sales_Costs_Amount n1] B. Fuzzy Aggregatlon

Sales Nel_Profit

Sales_Profitability

3

—

DimSalesTerritoryStability

SalesTerritoryKey

highStabilityDegree

normalStabilityDegree
\QStableDegree

Fuzzy logic demands the fulfilment of several am®

: 1 1| Products_Popularity CategorySubCategoryBridge from an aggregation operator [20], [4]. Computirte t
DimCustomer Promotional_Impac! . . .
FuzzyCategorialSimiariy CategoryKey fuzzy measures with standard aggregation operations
e e ) available in crisp DB or DW (e.ggount, sum, average,
T = 1 n'1 num of Childy is not efficient. Though thaverage, min,
ni E” and max operators are common fuzzy operators, many
[17 Bl ' more fuzzy operators are mentioned in the litemtur
DimCustomerAge $:'r§g;r£;%“g<ev DimProductCategory Therefore, the DW aggregation functions should be
Customerke, L ProductCatagoykey extended to support the appropriate f_uzzy operagome
Mol . e fuzzy operators might be problematic, for example
OldDegree | standard t-norm and t-conorm operators will reackt-0

norm) or 1 (t-conorm) when even one or a few of the
aggregated elements equals O or 1.

A common aggregation operator family is the ordered
weights average operators (OWA), first introduceg b
Yager [18]. The OWA operators take into accounteagivt

Fig. 5. The new fuzzy data warehouse schemadirj fuzzy hierarchy. vector where th.e sum of the vyeights Ye_Ctor e‘lemual
The correctness of our methodology is demonstrated 10 1. The weights vector is multiplied by the attua
an outline of a realistic case study. The exampie fully ~€lements values vector. This ensures that the gagoe
the utilities for performing the ETL and a usereiace according to the semantic value of each item. The
OLAP browsing, of a fuzzy DW. drawback of OWA is that it requires the definitioh a
In the next section we suggest how to use the fuzweights vector and that the items vector need®tortered
hierarchy measures, fuzzy operators for aggregatiod bPefore starting the aggregation. The items' orderis
dimension filtering. More information regarding theneeded for fulfiling the symmetry axiom of the hyz

implementation issue can be found in [21]. operator. Nevertheless, [1], [17], [8], [19] defit@VA
operators and demonstrate solutions and appliGation

Fuzzy logic experts should choose the aggregation
measures. Attempting to define these measures with
A. Using Correctly the Fuzzy Hierarchy Measures standard SQL or MDX querying languages without the

Then:m relationship between the fuzzy hierarchy objectgustomized fuzzy operators may be very complexDiié
affects the fact table directly. Suppose we hawe fatt USer will first have to order the sets behind eeshhin the
(transaction) thaBob bought ashirt and theshirt belongs fact table, define the weights vector, and comptiite
with some degree of membership to eessoriesnd to  Multiplication. This will be complex and even imstde
the clothing product categories. This fact will be storedor some DW systems.

(cloned) twice in the fact table even though ituatly Because of the ordering of the facts by dimensitimes
happened only once. The fuzzy hierarchy may consur§@mputational complexity of the crisp DW @&nlogn) In
excessive disk space if we create a full fuzzy tatle. Our implementation of the case study we demonstritat
Each fact in the crisp fact table can possibly eldself m  the fuzzy DW only doubles the computational comibjex
times wherem' is the number of children that has anysince the fuzzy DW adds the extra ordering of th&/A0
degree of similarity to the fact property (the dmatity —OPerators. The empirical experiments verified thelding
value). In our case study, it's the number of caieg ©f the computation time by comparing the processimgs

I1l. Fuzzy OPERATORS ANDMEASURETYPES



of crisp and fuzzy cubes under the same conditions. fuzzy variable.
On the other hand, there are some disadvantagesng
a fuzzy data warehouse: the preprocessing of theyfu

Filters are often applied when querying the DW aube neasures may be time-consuming; the queries mayde
For example, the user can choose to see factsfamythe 516 time-consuming due to the computation of some

last year. Fuzzy dimensions provide natural meanselp  complex fuzzy hierarchies or complex inference meh

the user filter the cube in order to identify trendnd e fuzzy scheme of the data warehouse may be more
patterns. The user can ustpha cutsor fuzzy quantifiers complicated than the crisp one due to additional
such asmuch less than[20] for filtering by a dimension gimensions, fact tables, and relationships. As lasghere
label. The user can also filter the data ugimgrm gndt— ~are no commercial implementations of a fuzzy data
conorm operators [13], [4] between the fuz_zy d'mens'or\}varehouse, experts and users may need to be more
variable labels. For example, the user can filber cube to  ;yolved in the design and construction of the esystLast
show only facts related to customers which belbathto .t not least is the huge amount of disk space etb¢a

the 'yound and 'mid-agé groups. The intersection filter ¢i5,e many fuzzy hierarchies. Too many fuzzy higias
between fuzzy sets focuses the cube on customerh Whmay lead to an unusable or very slow data mart it

are between these two concepts and allow the Wser e more than the business users patience can take.

C. Using Fuzzy Dimensions for Filtering

identify their purchasing behavior. In this paper we outlined a new methodology for the
design of a fuzzy data warehouse that extends the
IV. DISCUSSION ANDCONCLUSIONS methodology of [12]. It is relatively simple to ntesand

The fuzzy DW has several advantages: Users can makay ameliorate some of the deficiencies of the sitas
more intuitive and easy to understand queries mataral- approach (e.g., the complexities in representingndm
like language. Furthermore, the user may receiweraé concepts, representing the data in several perspsct
answers to his queries (with different degreesetdfvance). etc.). We have demonstrated that the fuzzy DW
Trying to elicit the answers from today's classi€V  substantially extends the classical crisp DW fuolity.
computed by the fuzzy attributes will usually requa lot The viability of the methodology was demonstratadai
of effort (complex SQL or MDX queries) and will nbe case study. A comparative performance evaluation
feasible in some cases (e.g., fuzzy aggregatioctifuns). indicated that the fuzzy DW resulted in only doaoglithe

Defining fuzzy dimensions allows the user to déseri computational complexity, and quadrupling the space
the facts with abstract human concepts which arealg complexity [21]. Future work will adapt the methdalgy
more realistic. In reality, things are typicallytridack or to handle further other aspects of data warehoesigu
white but something in between. The fuzzy dimensialso and implementation, such as data staging and ETL
allow more flexible and interesting filtering ofehfacts. processes.

The filters are defined by using simple human cptxe
(e.g., customers that are related both totbengand Mid- APPENDIXA: IMPLEMENTATION |SSUES

Agegroups). o In order to implement our ideas on fuzzy DW we kad
Using fuzzy hierarchies in the cube may help ther 83 g g platform which would provide a fuzzy DW, OPA
look at the facts from perspectives and points iefiwv browsing, and a fuzzy ETL tool. With a single ptath we
which are not possible in the crisp DW. For exampl®ur  ¢5n evaluate the viability of the methodology. Coencial
case study the DW user can understand better i@tk 150|s did not fit our need for a customized softvaat
products the customers buy without being restrittedne supports fuzzy OLAP processing and fuzzy ETL. One
categorical association. The user can look at prsdu exception is the new fuzzy methods provided in bkoft
which belong to the dccessories category as if they gqL server, which allows the user to retrieve augrdata
belong to the Llothing’ or "componentScategories.  ysing fuzzy comparison methods between text format
The most significant added value of the fuzzy DWhis (fuzzy lookup and grouping) [16]. These utilities arery
fuzzy measures. We have demonstrated that fuzzy, from being a complete fuzzy ETL tool.
measures used with fuzzy aggregation operators, (€.9 | order to develop a fuzzy DW tool we needed teavn
OWA) allow the user to understand his business taed 4napilities: a) Execution of fuzzy operators agragators

DW measures better. Now, the user can understa@d { the measures; b) The ability to define fuzzyraiehies
semantics behind the facts which were hidden incti& \hich are not classical multidimensional relatidpsh

DW. The user can understand, for example, the impRC  \ypile the second capability could be achieved witme
the promotionson theprofits when the products prices arejmproyisations, the first capability could not behed
economical, as well as many other interesting BSSN g4sjly. We needed to use fuzzy operators whichod@xist
questions. L in standard SQL or even Microsofts MDX language.
Furthermore, there maybe some saving in disk-spaee Tnerefore, we decided to implement our own usariate
to integration of several crisp attributes intoirgke fuzzy 5,g processing tool for analyzing the fuzzy DW.
attribute. For exar_nple, we can r(_educe aI.I the calithat The main functionality of our program is a custoeaiz
store demographic and other information about the 5 Ap prowser that allows us to execute the fuzzy
customers into a fuzzy attributecustomer clas$ Each operators and handle the fuzzy dimensions and rolges.
class may represent a collection of demogrgphi@eptga We used the Microsoft SQL server DB as the
values. Instead of saving the number of childréfiary, infrastructure. We used the C# language with its DB
houses, and more we can store this informationsmale  yierface componentsA@o.Ne}, and graphics components



of the .Net framework (data grids, etc.). Thus, we could
access and process the raw data in the DB andgaigrer
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is still stored in the Microsoft SQL Server and has
multidimensional structure. Using thedo.Nettechnology
allows our program to support other commercial DBIg

(Oracle, DB2, etc.).

Another required functionality that has to be deped
is a fuzzy DW ETL tool. In order to have a fuzzylEfbol 3
we needed the following: a) The possibility to usé]
customized methods which can take the source dala a
transform them into fuzzy data and place them e WV 4]
according to our methodology guidelines; b) Thditghtio
define user forms which will collect the fuzzy ditrtes [5]
definitions for populating the fuzzy dimensions,
hierarchies, and measures.

It is appropriate to use a commercial ETL tool fiaezy
ETL. Yet, we still need to create special methods f
computing the fuzzy values of the destination calam
Another problem is providing these customized ettoa
methods with the fuzzy definitions they need to$farm
the crisp data into fuzzy data. Therefore, we preteto
implement an interface for collecting the fuzzy ishtes
definitions.

We decided that it would be more convenient to add!
more screens to our OLAP browser program for thazyfu [10]
ETL process. Though we defined a general methogolog
which supports all kinds of fuzzy attributes, wellll
implemented only a small number of specific opesin [12]
order to evaluate our methodology. The other atas&TL

(1
(2

6l

(7]

(8]

operations were executed using Microsoft ETL paekag  [13]
United States

F_MidAge FiscalYear |SumMetProfit | AvgProfitability |Centered0WAProf... | SemanticOWAProf... [14]
(0017 . 4730012 06 073 06

[0)<30 BERI4E 21 62 072 058

[0102) 73832 48 062 072 059 [15]
0.20.3) ... 13253278 062 076 06

(0.3-0.4) ... 1337636 062 072 063

(0.4-0.5) ... | 2002 53115.45 07 0.85 066 [16]
(0.4-0.5) ... | 2003 50558 51 067 081 069

(0.4-0.5) ... | 2004 125611.74 064 078 065

(0.4-0.5) ... | 2005 9067.89 065 076 077

(0.5-0.6) ... 164236.07 06 069 059 [17]
(060.7) 29352178 063 076 sl

(0.708) 1891349 64 078 064

(0.8-0.9) ... 3BRERT B4 062 072 0.64 [18]
0.9-1) 3... 10964054 062 076 064

(1)39.0-... 851851.7 061 0 0l [19]

Fig. 6. A screenshot of a simple cube shownén@hAP browser

In the OLAP browsing screen the user is able tavvie[20]
and analyze the DW he defined and populate it utfieg [21]
ETL screens. The user first defines the desirecedgions
and measures he wishes to view. The browsing ieslud
operations such asoll-up, drill-down and filtering the
dimensions. Fig. 6 presents a screenshot of ashuien in
the OLAP browser. The cube is defined with the row
dimensions fuzzMid-Age(in intervals 0, 0.1, 0.2...1), and
the fiscal year. The column dimension is ades territory
country. The crisp measure is tlgim of net profitsThe
fuzzy measures are the average of tharrhal profitability
product, the same fuzzy values aggregated using centered
OWA and the semantic OWA where the leading varigble
sum of net profits. The differences between thesasures
can be seen. Thklid-Age with the interval 0.4-0.5 was
drilled to different years.
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