
A Comprehensive Method for Data WarehouseDesign⋆Sergio Luján-Mora and Juan TrujilloDepartment of Software and Computing SystemsUniversity of Ali
ante (Spain){slujan,jtrujillo}�dlsi.ua.esAbstra
t. A data warehouse (DW) is a 
omplex information systemprimarily used in the de
ision making pro
ess by means of On-Line An-alyti
al Pro
essing (OLAP) appli
ations. Although various methods andapproa
hes have been presented for designing di�erent parts of DWs, su
has the 
on
eptual and logi
al s
hemas or the Extra
tion-Transformation-Loading (ETL) pro
esses, no general and standard method exists to datefor dealing with the whole design of a DW. In this paper, we �ll this gapby presenting a method based on the Uni�ed Modeling Language (UML)that allows the user to ta
kle all DW design phases and steps, from theoperational data sour
es to the �nal implementation and in
luding thede�nition of the ETL pro
esses. The main advantages of our proposalare: the use of a standard modeling notation (UML) in the models a

om-plished in the di�erent design phases, the integration of di�erent designphases in a single and 
oherent framework and the use of a groupingme
hanism (UML pa
kages) that allows the designer to layer the modelsa

ording to di�erent levels of detail. Finally, we also provide a set ofsteps that guide the DW design.Keywords: data warehouse, multidimensional modeling, design methods,UML1 Introdu
tionIn the early nineties, Inmon [1℄ 
oined the term �data warehouse� (DW): �A datawarehouse is a subje
t-oriented, integrated, time-variant, nonvolatile 
olle
tionof data in support of management's de
isions�. A DW is �integrated� be
ausedata are gathered into the DW from a variety of sour
es (lega
y systems, re-lational databases, COBOL �les, et
.) and merged into a 
oherent whole. ETL(Extra
tion-Transformation-Loading) pro
esses are responsible for the extra
-tion of data from heterogeneous operational data sour
es, their transformation(
onversion, 
leaning, normalization, et
.) and their loading into DWs.
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1-2 Sergio Luján-Mora and Juan TrujilloOn the other hand, multidimensional (MD) modeling is the foundation ofDWs, MD databases, and On-Line Analyti
al Pro
essing (OLAP) appli
ations.These systems provide 
ompanies with many years of histori
al information forthe de
ision making pro
ess. Various approa
hes for the 
on
eptual and logi-
al design of MD systems have been proposed in the last few years, su
h as[2,3,4,5,6,7,8℄ to represent main MD stru
tural and dynami
 properties. Theseapproa
hes provide their own graphi
al notations, whi
h for
es designers to learna new spe
i�
 model together with its 
orresponding MD modeling notation.Furthermore, none of these approa
hes has been widely a

epted as a standard
on
eptual model for MD modeling. Due to spa
e 
onstraints, we refer the readerto [9℄ for a detailed 
omparison and dis
ussion about most of these models.In the light of this situation and due to the extensive number of di�erentmodels used in the di�erent design phases of DWs, we believe that it is absolutelyessential to develop a standard method1 that 
omprises all DW design phasesand steps. Nowadays, some attempts to provide a DW method have been 
arriedout (see dis
ussion in Se
tion 2). However, from our point of view, none of themproposes a model that 
an be used during all the design of a DW.In this paper, we present a DW design method to make the developing pro
essof DW more e�
ient. Our proposal is an obje
t oriented (OO) method basedon the Uni�ed Modeling Language (UML) [10℄ that allows the user2 to ta
kleall DW design phases and steps, from the operational data sour
es to the �nalimplementation and in
luding the de�nition of the ETL pro
esses and the �nalusers' requirements. Our obje
tive is to 
ombine, in a single model or related setof models, the whole DW analysis and design from the data sour
es to the �nalimplementation. Unlike other methods and proposals for MD and DW design,our approa
h is independent of any spe
i�
 implementation (relational, MD, OO,et
.). Finally, our method is based on a well-known standard modeling language(UML), thereby designers 
an redu
e the e�ort needed in learning a new spe
i�
notation or language for DW design.The rest of the paper is stru
tured as follows. Se
tion 2 dis
usses some of themost relevant proposals about the design of DWs. Se
tion 3 presents an overviewof our method and introdu
es the di�erent models that are part of the method.Se
tion 4 proposes a set of steps that help the user to apply our method. Finally,Se
tion 5 presents the main 
on
lusions and future works.2 Related workIn this se
tion, we present a brief dis
ussion about some of the most well-knownDW design methods. Some other methods that we 
annot dis
uss due to thela
k of spa
e are [11,12,13℄.1 We use the term �method� instead of �methodology� be
ause a methodology is thestudy of methods.2 We distinguish between �nal users (end users or business information 
onsumers)and DW developers (DW designers, administrators, programmers, or, in general,information systems professionals).
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ase studies of data marts (DM) are presented. The MDmodeling is based in the use of the star s
hema and its di�erent variations(snow�ake and fa
t 
onstellation). Moreover, the BUS matrix ar
hite
ture isproposed to build a 
orporate DW from integrating the design of several DMs.Although we 
onsider this work as a fundamental referen
e in the MD �eld (R.Kimball provides a very sound dis
ussion of star s
hema design), we miss a formalmethod for the design of DWs. Furthermore, the 
on
eptual and logi
al models
oin
ide in this proposal, and the 
on
epts on the BUS matrix ar
hite
ture area 
ompilation of the personal experien
es of the authors and the problems theyhave fa
ed building enterprise DWs from DMs.In [3℄, the authors propose the Dimensional-Fa
t Model (DFM), a parti
ularnotation for the DW 
on
eptual design. Moreover, they also propose how toderive a DW s
hema from the data sour
es des
ribed by Entity-Relationship(ER) s
hemas. From our point of view, this proposal is only oriented to the
on
eptual and logi
al design of DWs, be
ause it does not 
onsider importantaspe
ts su
h as the design of ETL pro
esses. Furthermore, the authors assumea relational implementation of the DWs and the existen
e of all the ER s
hemasof the data sour
es, whi
h unfortunately o

urs in few o

asions. Finally, we
onsider that the use of a parti
ular notation makes di�
ult the appli
ation ofthis proposal.In [2℄, the authors present the Multidimensional Model (MD), a logi
al modelfor OLAP systems, and show how it 
an be used in the design of MD databases.The authors also propose a general design method, aimed at building an MDs
hema starting from an operational database des
ribed by an ER s
hema. Al-though the design steps are des
ribed in a logi
 and 
oherent way, the DW designis only based on the operational data sour
es, what we 
onsider insu�
ient be-
ause the �nal users' requirements are very important in the DW design.In [15℄, the building of star s
hemas (and its di�erent variations) from the
on
eptual s
hemas of the operational data sour
es is proposed. On
e again, itis highly supposed that the data sour
es are de�ned by means of ER s
hemas.This approa
h di�ers from the above-presented ones in that it does not proposea parti
ular graphi
al notation for the 
on
eptual design of the DWs, instead ituses the ER graphi
al notation.Most re
ently, in [16℄ another method for the DW design is proposed. Thismethod is based on a MD model 
alled IDEA and it proposes a set of steps toaddress the 
on
eptual, logi
al, and physi
al design of a DW. One of the mostimportant advantages, with respe
t to the previous proposals, is that the 
on-
eptual s
hema of the DW is built taking into 
onsideration both the operationaldata sour
es and the �nal users' requirements. Nevertheless, this method only
onsiders the data modeling and does not address other relevant aspe
ts, su
has the ETL pro
esses.In [17℄, di�erent DW development methods are analysed and a new methodis proposed. This method stands out be
ause it integrates the management ofmetadata. However, it la
ks a model that 
an be used to re�e
t and do
umentthe DW design.



1-4 Sergio Luján-Mora and Juan TrujilloRegarding the UML, some proposals to extend the UML for database de-sign have been presented [18,19,20℄, sin
e the UML does not expli
itly in
ludea data model. However, these proposals do not re�e
t the pe
uliarities of MDmodeling. There have been some approa
hes that uses UML for the MD mod-eling up to date (again, and due to spa
e 
onstrains, we refer the reader to [9℄for a 
omprehensive 
omparison). However, none of these approa
hes propose a
omprehensive method to 
over all main DW design phases.Therefore, and based on the previous 
onsiderations, we believe that 
urrentlythere is not a standard formal method that 
omprises the main steps of a DWdesign.3 An overview of the methodIn this se
tion we present an overview of our OO method that allows the userto ta
kle all DW design phases and steps, from the operational data sour
es tothe �nal implementation and in
luding the de�nition of the ETL pro
esses andthe �nal users' requirements. We have adopted the OO paradigm be
ause it issemanti
ally ri
her that others [21℄ and it o�ers numerous advantages. The designof a DW is a joint e�ort of DW developers (te
hni
al users) and �nal users (userswho are only interested in the business 
ontent). Therefore, a powerful (but alsoeasy to understand for both kinds of users) method with the 
orrespondingmodels is needed and we believe the OO paradigm is the best approa
h for theDW design.3.1 Design of a data warehouseThe ar
hite
ture of a DW is usually depi
ted as various layers of data in whi
hdata from one layer is derived from data of the previous layer [22℄. Followingthis 
onsideration, we 
onsider that the development of a DW 
an be stru
turedinto an integrated model with four di�erent s
hemas as seen in Fig. 1:� Operational Data S
hema (ODS): it de�nes the stru
ture of the operationaland external data sour
es.� Data Warehouse Con
eptual S
hema (DWCS): it de�nes the 
on
eptual s
hema(fa
ts, dimensiones, hierar
hies, et
.) of the DW.� Data Warehouse Storage S
hema (DWSS): it de�nes the physi
al storage ofthe DW depending on the target platform (relational, MD, OO, et
.).� Business Model (BM): it de�nes the di�erent ways or views of a

essing theDW from the �nal users' point of view. It is 
omposed of di�erent subsetsof the DWCS.From our point of view, two s
hema mappings are also needed in order toobtain a global and integrated DW design approa
h that 
overs the ne
essarys
hemas:� ETL Pro
ess: it de�nes the mapping between the ODS and the DWCS.
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Fig. 1. Di�erent s
hemas and mappings for designing data warehouses� Exportation Pro
ess: it de�nes the mapping between the DWCS and theDWSS.Our method a

omplishes ea
h one of the above-
ommented s
hemas andmappings in an integrated manner. We use a modeling notation based on theUML [10℄. Ea
h one of the s
hemas is represented by a stereotyped pa
kage.Therefore, we provide six stereotypes: �ODS�, �DWCS�, �DWSS�, �BM�, �ETL�and �Exportation�. Thanks to the use of the UML pa
kages, the design of hugeand 
omplex DWs is simpli�ed be
ause the DW designer 
an a
hieve the designfrom di�erent levels of detail.The di�erent s
hemas (UML pa
kages) are related to ea
h other by means ofUML dependen
ies. A dependen
y in the UML is represented as a dashed linewith an arrowhead. The following dependen
ies are allowed in our method:� �ETL� → {�ODS�, �DWCS�}.� �Exportation� → {�DWSS�, �DWCS�}.� �BM� → {�DWCS�}.Bidire
tional dependen
ies are not allowed at this level of the model as weprevent a tight 
oupling between pa
kages. The designer 
an independently de-�ne ODS, DWCS, and DWSS if desired (for example, our proposal 
an be used toonly do
ument the 
on
eptual model of the DW by means of the DWCS).In the following se
tions, we present with further detail ea
h one of thes
hemas and mappings we use in our method.3.2 Operational data s
hema (ODS)The ODS re�e
ts the stru
ture of the operational data sour
es (e.g., transa
tionpro
essing systems or On-Line Transa
tion Pro
essing -OLTP- systems), whi
hre
ord details of business transa
tions. We also use the ODS to de�ne external
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es (e.g. 
ensus data, e
onomi
 data) that DWs often in
orporate to supportanalysis.Nowadays, there does not exist an a

epted UML extension for modeling dif-ferent types of data sour
es. Therefore, we have to use di�erent UML extensionsto model the ODS a

ording to the sour
e. For example, if the data sour
e isa relational database, we use Rational's UML Pro�le for Database Design [20℄,a UML extension for the design of relational databases, but if the data sour
eis an XML do
ument, we use [23℄, a UML extension for the modeling of XMLdo
uments by means of DTDs and XML S
hemas.On the other hand, the de�nition of the ODS 
an require di�erent a
tivities,su
h as reverse-engineering of several data sour
es, the dis
overy of relationshipsin the data sour
es, et
., be
ause data models are not 
urrent, o�er insu�
ientdetail, or more likely, do not exist at all; however, these issues are beyond thes
ope of this paper.3.3 Data warehouse 
on
eptual s
hema (DWCS)In previous works [24,25℄, we have proposed a UML pro�le for the 
on
eptual de-sign of DWs following the multidimensional (MD) paradigm. The most importantfeature of the MD paradigm is dividing data into fa
ts (
omposed of measures)and dimensions; to provide data on a suitable level of granularity, hierar
hies arede�ned on the dimensions. Moreover, our approa
h easily and elegantly 
onsidersmain MD properties at the 
on
eptual level, su
h as the many-to-many relation-ships between fa
ts and dimensions, degenerate dimensions, multiple and alter-native path 
lassi�
ation hierar
hies, non-stri
t and 
omplete hierar
hies, et
.Our UML pro�le is formally de�ned and uses the Obje
t Constraint Language(OCL) [10℄ for expressing well-formedness rules of the new de�ned elements,thereby avoiding an arbitrary use of the pro�le.Moreover, our UML pro�le also in
ludes the use of the UML pa
kages; inthis way, when modeling 
omplex and large DW systems, we are not restri
tedto use �at UML 
lass diagrams and, therefore, 
luttered diagrams are avoided.We have divided the design pro
ess into three levels (Fig. 2):

Fig. 2. The three levels of a MD model represented by means of UML pa
kages



A Comprehensive Method for Data Warehouse Design 1-7Level 1 : Model de�nition. A pa
kage represents a star s
hema of a 
on
eptualMD model. A dependen
y between two pa
kages at this level indi
ates thatthe star s
hemas share at least one dimension.Level 2 : Star s
hema de�nition. A pa
kage represents a fa
t or a dimension ofa star s
hema. A dependen
y between two dimension pa
kages at this levelindi
ates that the pa
kages share at least one level of a dimension hierar
hy.Level 3 : Dimension/fa
t de�nition. A pa
kage from the se
ond level is explodedinto a set of 
lasses that represent the hierar
hy levels in a dimension pa
kage,or the whole star s
hema in the 
ase of the fa
t pa
kage.Table 1 shows the main stereotypes of our UML pro�le for the 
on
eptualdesign of DWs.MD 
on
ept Des
ription I
on(Stereotype)StarPa
kage Pa
kages of this stereotype represent MD star s
hemas,
onsisting of fa
ts and dimensions. This stereotype isused at level 1Fa
tPa
kage Pa
kages of this stereotype represent MD fa
ts, 
onsist-ing of measures and relating fa
ts to dimensions. Thisstereotype is used at level 2DimensionPa
kage Pa
kages of this stereotype represent MD dimensions,
onsisting of hierar
hy levels. This stereotype is used atlevel 2Fa
t Classes of this stereotype represent fa
ts in a MD model,
onsisting of measures (the transa
tions or values beinganalyzed). This stereotype is used at level 3Dimension Classes of this stereotype represent dimensions in a MDmodel, 
onsisting of dimension attributes and hierar
hylevels (des
riptive information about the transa
tions orvalues being analyzed). This stereotype is used at level 3Base Classes of this stereotype represent dimension hierar
hylevels in a MD model. This stereotype is used at level 3Table 1. MD me
hanisms and the representation in the UML
3.4 Data warehouse storage s
hema (DWSS)Depending on the implementation of the DW (relational, MD, OO, et
.), theDWSS is modeled by applying di�erent UML extensions (in the same way thatthe ODS) that allow the designer to a

omplish the logi
al data model of the DW.Moreover, our proposal o�ers two possibilities: manual and automati
 de�ni-tion. In the former, the DW designer needs to de�ne the DWSS and the mapping
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ess) between the DWCS and the DWSS; in the latter, a spe
i�
transformation algorithm for ea
h type of data storage generates the 
orrespond-ing DWSS.In the 
ase of a manual de�nition of the DWSS, the DW designer 
an alsospe
ify some physi
al representations, su
h as summaries (also 
alled aggregatesor materialized views) and derived data.3.5 Business model (BM)This s
hema is used to adapt the DW a

ording to the parti
ular needs of �nalusers. In this way, we 
an 
reate di�erent �views� from the DW s
hema. This isvery useful be
ause DW developers may want to provide DW stru
tures that areeasier for �nal users to understand and write queries against, or be
ause thereare se
urity 
on
erns that for
e to limit the a

ess to the DW.We use the UML importing me
hanism for 
reating the BM be
ause it allowsus to de�ne di�erent submodels of the DWCS. The di�erent models of the BM 
anbe implemented as DMs, whi
h tailors the DW to the needs of a spe
i�
 groupof users. A DM may be real (stored as a
tual tables populated from the DW) orvirtual (de�ned as views on the DW).Finally, the �nal users' initial queries (e.g., a listing of the top and bottomselling produ
ts) are also de�ned in the BM. We use the 
ube 
lasses, a graphi
alnotation we have previously presented in [7℄ that allows us to easily and visuallyrepresent �nal users' queries.3.6 ETL pro
essIn [26℄, we have proposed a UML extension that allows the designer to a

omplishthe 
on
eptual modeling of ETL pro
esses. We provide the ne
essary me
hanismsfor an easy and qui
k spe
i�
ation of the 
ommon operations de�ned in ETLpro
esses su
h as, the integration of di�erent data sour
es, the transformationbetween sour
e and target attributes, the generation of surrogate keys and soon. Then, from the ODS, we design the ETL pro
esses that will be responsiblefor the gathering, transforming and uploading data into the DW.In our proposal, we have de�ned a redu
ed and yet highly powerful set of ETLme
hanisms. We have de
ided to redu
e the number of me
hanisms in order toredu
e the 
omplexity of our proposal. We have summarized these me
hanisms inTable 2. We 
onsider that these me
hanisms pro
ess data in the form of re
ords
omposed of attributes, and therefore, we provide the Wrapper me
hanism totransform any sour
e into a re
ord based sour
e.The ETL me
hanisms are related to ea
h other by means of UML depen-den
ies. Moreover, a UML note 
an be atta
hed to every ETL me
hanism to(i) explain the fun
tioning of the me
hanism and, (ii) de�ne the mappings be-tween sour
e and target attributes of the ETL me
hanisms. These mappings
onform to the following syntax: target_attribute = sour
e_attribute. To avoidoverloading the diagram with long notes, when sour
e and target attributes'
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hanism Des
ription I
on(Stereotype)Aggregation Aggregates data (SUM, AVG, MAX/MIN, COUNT, et
.)based on some 
riteriaConversion Changes data type and format or derives new data (de-rived attributes) from existing dataFilter Filters and dis
ards non-desired data, and veri�es dataquality by means of 
onstraintsIn
orre
t Reroutes in
orre
t and dis
arded data to a di�erent tar-get for the later 
he
k; it 
an only be used with Filter,Loader and WrapperJoin Joins two data sour
es related to ea
h other with someattributesLoader Loads data into the target of an ETL pro
ess (in a fa
tor dimension of a DW)Log Logs a
tivity of an ETL me
hanism in order to audit thepro
ess, assist in data 
leaning, performan
e tuning, et
.Merge Integrates two or more data sour
es with 
ompatible at-tributesSurrogate Generates unique surrogate keys, whi
h are used to re-pla
e the original keys in the data sour
esWrapper Transforms a native data sour
e into a re
ord based datasour
eTable 2. ETL me
hanisms and their 
orresponding representation in the UMLnames mat
h, the 
orresponding mappings 
an be omitted. Furthermore, whensome kind of ambiguity may exist (e.g., two attributes with the same name indi�erent sour
es), the name of the sour
e 
an be indi
ated together with thename of the attribute (e.g., Customers.Name and Suppliers.Name).We do not impose any restri
tion on the 
ontent of these notes, in order toallow the designer the greatest �exibility, but we highly re
ommend a parti
ular
ontent for ea
h me
hanism. The designer 
an use these notes to de�ne ETLpro
esses at the desired level of detail. For example, the des
ription 
an begeneral, spe
i�ed by means of a natural language, or very detailed, spe
i�ed bymeans of a programming language.3.7 Exportation pro
essFinally, on
e the target platform has been 
hosen (relational, MD, OO, et
.),an exportation pro
ess is de�ned to map the 
on
eptual modeling 
onstru
torsused in the DWCS into the DWSS, whi
h 
orresponds to the storage stru
turesof the target platform. As we have 
ommented in Se
tion 3.4, this mapping
an be de�ned manually or automati
ally by means of spe
i�
 transformationalgorithms a

ording to the target platform.



1-10 Sergio Luján-Mora and Juan Trujillo4 How to apply the methodProviding a graphi
al notation is not enough to propose a method, instead amethod must spe
ify how to properly use the 
orresponding graphi
al notation.Therefore, we propose a set of steps to guide the design of a DW following ourapproa
h. Due to the la
k of spa
e, we only address the main steps of the method.In Fig. 3, we have represented the main steps of our method by means of aUML a
tivity diagram. The diagram is divided into two swimlanes dependingon who leads the a
tivities: DW �nal users (�nal users guide the work of DWdesigners and administrators) and DW designers & administrators (they do notneed the help of �nal users be
ause all the needed information has been pre-viously gathered). The a
tivities, where the models presented in this paper areapplied, are shady: a light 
olor for the a
tivities where the s
hemas are 
reated(the 
orresponding s
hema is indi
ated on a 
orner of the a
tivity) and a dark
olor for the a
tivities where the mappings between s
hemas are 
reated.We have 
lassi�ed the a
tivities into four groups: analysis, design, imple-mentation, and test. We do not address following steps su
h as support andenhan
ement be
ause we are only interested in the main development steps of aDW.Finally, transitions de�ne a sequential order of a
tivities3 and they also showhow to use information from other a
tivities.4.1 Analysis� Determine initial requirements: di�erent users have di�erent kinds of infor-mational needs, and therefore, the s
ope of the DW (the business problems tobe solved) is established from interviews with �nal users. Di�erent substeps
an be a
hieved during requirements gathering; spe
i�
ally, the designer hasto:
• Determine the desired data format users wish, the required detail level,and the parti
ular data elements.
• Classify di�erent summaries. Some summaries represent business resultsthat are quite signi�
ant and are widely used (e.g., annual operatingresults, quarterly sales �gures by region, et
.), whereas others are less
ommon.
• Help the �nal users to understand what they do not know they need(anti
ipate data needs). The designer 
an trigger ideas of new form ofanalysis from �nal users.
• De�ne a

ess 
ontrol and se
urity rules.
• Dis
over what are the needs of exploratory analysis (knowledge dis
overy,data mining, and so on).
• Catalogue existing analyti
 and reporting pro
esses.
• Seek potential new users of the DW.3 A
tually, some of the steps are not stri
tly sequential, but in many 
ases 
an bea

omplished in parallel.
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Fig. 3. UML a
tivity diagram that represents the main steps of our method� De�ne business rules: from the information 
olle
ted in the previous a
tivity,the business rules that will be applied during the 
onstru
tion of the DWare de�ned (e.g., the de�nition of the derived measures su
h as �net pro�t�or �produ
t return rate�). The 
orre
t de�nition of the business rules avoids
onfusions and ambiguous 
al
ulations, and ensures standard interpretationof data.� Identify operational & external data sour
es (ODS): the �nal users' require-ments are taken into a

ount in order to spe
ify the operational and externaldata sour
es. Di�erent questions have to be answered: Do we have the datawe need?, Where is that data?, Can we a

ess data?, What is the 
urrentdata quality?, et
. A

ording to [27℄, the designer has to s
an the availabledata, dividing them into those that are:1. Operational and transitory: they are not valuable for the DW.2. Of analyti
 and histori
al value: they are 
andidates for the DW.



1-12 Sergio Luján-Mora and Juan Trujillo3. Of unknown use or value: it is suggested to in
lude data in this 
ategoryas 
andidates for DW in
lusion as well, �be
ause a 
ommon DW failingis to not have what the 
onsumer wants when they 
ome shopping�.4.2 Design� Design 
on
eptual s
hema (DWCS): two �extreme� strategies (they are rep-resented as dashed lines in Fig. 3) 
an be adopted in this a
tivity: top-down (the de�nition of the DWCS is based on the �nal users' requirements) orbottom-up (the de�nition of the DWCS is based on the available data sour
es).We suggest to adopt a 
ombined solution: the DW is designed from the �nalusers' requirements, but bearing in mind the available data sour
es. More-over, the designer has to understand the �nal users' requirements and prop-erly mat
h the DW to the intended usage. The designer has to divide datainto fa
ts (
omposed of measures) and dimensions (with the 
orrespondinghierar
hies). Finally, the detail level of fa
ts (also 
alled �level of granularity�or �grain of the fa
t�) have to be de�ned; it is highly better to store data atthe most grained level be
ause less detail data 
an always be obtained fromthem.� De�ne ETL pro
esses: the ETL pro
esses are de�ned as a mapping betweenthe data sour
es (ODS) and the DW (DWCS); the business rules are appliedin the 
al
ulation of the derived attributes, the attribute transformations,et
. This a
tivity and the previous one de�ne a 
y
le, be
ause during thede�nition of the ETL pro
esses some errors in the DWCS 
an be dete
ted(e.g., a dimension attribute does not exist in the ODS) and, therefore, theDWCS may be modi�ed. The design of an ETL pro
ess is usually 
omposedof seven steps: (1) Sele
t the sour
es for extra
tion, (2) Clean the sour
es,(3)Transform the sour
es, (4) Join the sour
es, (5) Sele
t the target to load,(6) Map sour
e attributes to target attributes, and (7) Load the data.� De�ne DMs (BM): di�erent models in the BM are de�ned from the �nal users'initial requirements and the DWCS; the BM 
an be implemented as real orvirtual DMs.� De�ne reports & queries (BM): the queries de�ned by the �nal users arede�ned by means of 
ube 
lasses.4.3 Implementation� De�ne storage (DWSS): the target platform is sele
ted (relational, MD, OO,et
.) and the 
orresponding logi
al s
hema (DWSS) is de�ned; the query per-forman
e 
an be improved by simplifying the data s
hema (so that it only
ontains the essential data) or by the de�nition of summaries (aggregates)based on the �nal users' requirements.� De�ne exportation pro
esses: the mappings between the DWCS and the DWSSare de�ned; these mappings 
an be manually or automati
ally de�ned.� Implement reports & queries: the reports and queries requested by the �nalusers are implemented in the query tool used (generally, an OLAP appli
a-tion).



A Comprehensive Method for Data Warehouse Design 1-134.4 Test� Validate DW: the solution obtained (the DW built) is 
he
ked against theexisting problem (�nal users' requirements). If any dis
repan
y exists, some
orre
tive a
tions 
an be taken and the pro
ess 
an return to one of theprevious a
tivities.5 Con
lusions and future worksIn this paper, we have presented a global data warehouse (DW) design methodthat is based on the use of the UML as the modeling language. The best ad-vantage of our global approa
h is that we always use the same notation (UML)for designing the di�erent DW s
hemas and the 
orresponding transformationsbetween them in an integrated manner. Moreover, thanks to the use of the UMLpa
kages, our method 
an s
ale up to handle huge and 
omplex DWs (from sim-ple data marts to 
omplex enterprise DWs), avoiding the DW developer using a�at approa
h.Regarding future works, we are working on a set of diagramming and styleguidelines (heuristi
s) for 
reating better diagrams with our method. We alsoplan to in
orporate in our method more stages of the DW life 
y
le, su
h as thedesign of the refresh pro
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