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Abstract

Data warehousesare complex systemsconsist-
ing of mary componentswhich store highly-
aggrejateddatafor decisionsupport. Due to the
role of the datawarehouse the daily business
work of an enterprise,the requirementdor the
designand the implementationare dynamicand
subjectve. Therefore datawarehouselesignis a
continuougprocesswhichhasto reflectthechang-
ing ervironmentof a datawarehousei.e. the data
warehousemust evolve in reactionto the enter
prises evolution. Basedon existing metamod-
elsfor thearchitectureandquality of a dataware-
house we proposen this papera datawarehouse
processanodelto capturethe dynamicsof a data
warehouseThe evolution of a datawarehouseés
representedsa specialprocessandthe evolution
operatorsarelinkedto thecorrespondingrchitec-
ture componentsaand quality factorsthey affect.
We shaw the applicationof our modelon schema
evolutionin datawarehouseandits consequences
on datawarehouseviews. The modelshave been
implementedn the metadataepositoryConcept-
Basewhich canbe usedto analyzethe result of
evolution operationsandto monitorthe quality of
adatawarehouse.

1 Introduction

Datawarehousesgre complex systemsconsistingof mary
componentswhich store highly-aggre@ateddatafor deci-
sion support. Most requirementstemfrom managersand
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analystsusingthe datawarehouseystemto supportthem
in decisionmakingin the daily businesswvork of anenter

prise. The natureof thework of managersndanalystam-

pliesthattheir requirementsreoftenchanginganddo not
reacha final state,i.e. their requirementsre dynamicand
subjectve. They do not only demandasterresponsgime

to their queries(which may be achievzed by orderingnew

andfasterthardware),they alsowantmoreinformation,e.g.
accesso datawhich arecurrentlynot presenin dataware-
house,or a higherquality of their data,e.g. queryresults
with lessincorrectvalues.

Therefore,a data warehousecan not be designedin
onestep,usuallyit evolvesover mary years. A common
methodologyto constructdatawarehousess to startwith
somelocal datamarts(e.g.,onedatamartfor eachdepart-
ment). The knowledgeacquiredduring this phasecanbe
usedto constructin parallela globalenterpriseschemdor
the datawarehouse.Datamartsare usually easierto im-
plementthanan enterprise-widelatawarehouseandafter
a relatively shorttime analystscanwork with the system.
The requirementof the analystswill grow in time, and
after sometime they wantto make queriesacrossseveral
datamartsof thedepartmentsAt this point, theenterprise-
wide datawarehousecomesinto play: it caneitherbe a
virtual/distributeddatawarehouse, e. thereis commonin-
terfaceto datawarehouseédut the queriesare delegatedto
thedatamarts,or amaterializedlatawarehousewhich has
loadedthe datafrom the datamartsandotherinformation
sources.

In datawarehousesshangesnay happeror berequired
in mary differentsituations. The datawarehousés usu-
ally separatedrom the OLTP systemsandthe OLTP sys-
temsareimportantfor the daily businessf the enterprise.
Therefore, the data warehousemust be adaptedto ary
changeswhich occurin the underlyingdatasources.e.g.
changeof the schematachangef the physicallocation
of adatasourcepr achangeof thetime window for theex-
tractionof sourcedata.Besidethesechange®nthesource
level, the client level (analysts)ftenchangetheir require-
mentsasalreadymentionedabove. Furthermorenew ver
sionsof softwarecomponentsnayalsorequirea changen
thedatawarehouse.
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Dataquality is alsoimportantin traditionalonlinetrans-
actionprocessingystemgOLTP).In theresearclonthese
systemstechniquesveredevelopedo ensureacertaindata
quality level. For example,mostrelationaldatabasetoday
supportreferentialintegrity constraintsaandthe SQL stan-
dard,sothatdatacanbe easilyqueriedfrom the database,
andthe semanticsof the resultis well understood.How-
ever, online analytical processinglOLAP) hasrefocused
the attentionon dataquality, becauseof several reasons.
First, in datawarehouseshe dataare loadedfrom mary
differentsourcesand often problemswith the format, en-
codingor interpretationof dataare encountered Further
more, dataquality is always relative sincethe quality of
datadependson how the dataare suitedfor a particular
use. In OLTP systemsthe intendeduseis known before
the systemis designedandimplementedandusuallydoes
not changeover time. In contrastthe useof OLAP sys-
temsis not asstaticasin OLTP systemsandmay evenbe
not known at designtime of the warehouseTheinforma-
tion demandof managersindanalystschangewery often,
andif new informationis required,it mustbe deliveredin
ashorttime to beuseful[TB98].

In the EuropeanDWQ project (Foundationsof Data
WarehouseQuality) [JV97], we have developedan archi-
tectureand quality modelfor datawarehouse$JJQV99].
This model allows the representatiorof the data ware-
housesn threedifferentperspecities:

e theconceptuaperspeciie, which representsnover-
all businesgperspectie on the informationresources
andanalysigasksof anenterprise,

¢ thelogical perspectie, which describeghe schemata
usedin the sourcesthe datawarehouseandthe data
marts,and

o thephysicalperspectie, which shovs wherethe data
is physicallystored(host,disk, etc.).

Eachperspectie hasthreedifferentlevels: the source,
enterpriseand client level. A centralrole in this model
playsthe enterprisemodel which shouldbe a conceptual
representatiomf the datawhich is availablein the enter
prise. In [JJQV99, we also presented preliminary ap-
proachof linking quality information to the architecture
model. This approachwas extendedand more formally
presentedn [JQJ98 andis shortly summarizedn section
2.

Our modelsrepresenbnly a“snapshot’of a dataware-
housesystemwithout taking into accountarything of the
dynamicsn a datawarehousesrvironment. In this paper
we want to describehow our repositoryapproachdevel-
opedin [JJQV99 and[JQJ9§ canbeextendedo dealalso
with the dynamicsof a datawarehouse On the onehand,
this includesa processmodelwhich representshe usual
datawarehous@rocesselk e dataloadingor updateprop-
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agation. On the otherhand,the processmodelis special-
ized to dealalsowith evolution processeswhich are pro-
cessesvhich evolve the datawarehousdik e the material-
izationof anew view or theadditionof a new source.

The advantageof our proposedapproacthis thatall rel-
evant metadateof a datawarehousdarchitecture guality,
processand evolution information) are storedin a central
repository The differenttypesof information are inter-
related, and thereforeprovide a semanticallyrich repre-
sentationof the datawarehouse. The query facilities of
ourmetadataepositoryConceptBasglGJ+9% enabledata
warehouseisersto analyzethe datawarehousendto find
deficienciesn architecturequality, processesr theevolu-
tion of the datawarehouse.

This paperis structuredasfollows. In section2, we first
recall the principlesof the architectureand quality mod-
elsshavn in [JJQV99 and[JQJ98 beforewe presenthe
datawarehouserocessmodel. Section3 specializeghe
processmodelto the caseof datawarehousevolution. In
section4, we presentrelatedwork which addressegvo-
lution in datawarehousesn particularschemaavolution.
Finally, we provide a summaryand conclusionsand give
anoutlookto futurework.

2 A meta model for Data Warehouse Archi-
tecture, Quality and Processes

This sectionsummarizeshe natureof metadataisedin the
DWQ framewvork andgivesanoverview of the DWQ qual-
ity model. In section2.3, the framework is extendedby a
processnodelfor datawarehouses.

2.1 DataWarehouse Architecture

In the DWQ projectwe have adwocatedthe needfor en-
richedmetadatdacilitiesfor the exploitationof the knowl-
edgecollectedin a datawarehouse. In [JJQV9Y, it is
shown thatthe datawarehousenetadatashouldtrack both
architecturecomponentaindquality factors.

The proposedcateyorization of the DW metadatais
basedon a 3x3 framework, depictedin figure 1: we iden-
tified threeperspectivegconceptuallogical andphysical)
andthreelevels(source datawarehouseglient). We made
theobsenation,thattheconceptuaperspectie, whichrep-
resentghe realworld of an enterprisejs missingin most
datawarehousingprojects,with therisk of incorrectlyrep-
resentingor interpretingthe informationfoundin the data
warehouse.

The proposedmetamodeli.e. the topmostlayerin fig-
ure 1) providesa notationfor datawarehouseyenericen-
tities, suchasschemaor agent,includingthe businesger
spectve. Eachbox shawvn in figure 1 is decomposedhto
moredetaileddatawarehous@bjectsin the metamodebf
[JJQV9Y. This metamodels instantiatedwith the meta-
dataof the datawarehousdi.e. the secondayerin figure
1), e.g.relationalschemadefinitionsor the descriptionof
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the conceptuatiatawarehousenodel. The lowestlayerin

figure 1 representshe realworld wherethe actualdatare-
side: in this level the metadateare instantiatedwith data
instancese.g.the tuplesof a relationor the objectsof the
realworld which arerepresentedly the entitiesof the con-
ceptualmodel.

2.2 Quality Meta Model

Eachobjectin the threelevels and perspectiesof the ar
chitecturalframework canbe subjectto quality measure-
ment. Sincequality managemenplaysanimportantrole
in datawarehousesye have incorporatedt into our meta-
modelingapproach.Thus,the quality modelis partof the
metadatarepository and quality informationis explicitly
linked with architecturalobjects. This way, staleholders
canrepresentheir quality goalsexplicitly in the metadata
repository while, at the sametime, the relationshipbe-
tweenthe measurablarchitectureobjectsandthe quality
valuesis retained.

The DWQ quality metamode[JQJ9§ is basedon the
Goal-Question-Metricapproach(GQM) of [OB92] orig-
inally developedfor software quality management. In
GQM, the high-level userrequirementsare modeledas
goals Quality metricsarevalueswhich expresssomemea-
sured property of the object. The relationshipbetween
goalsandmetricsis establishedhroughquality questions

The main differencein our approactresidesn thefol-
lowing points: (i) a clear distinction betweensubjective
quality goalsrequestedy stalkeholderandobjectivequal-
ity factorsattachedo datawarehousebjects,(ii) quality
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Figure2: DWQ Quality MetaModel [JQJ98§

goal resolutionis basedon the evaluationof the compos-
ing quality factors,eachcorrespondingo a given quality
question (iii) quality questionsaareimplementedand exe-
cutedasquality querieson the semanticallyrich metadata
repository

Figure 2 shavs the DWQ Quality Model'. The class
“ObjectType” refersto any meta-objecof the DWQ frame-
work depictedin thefirst layer of figure 1. A quality goal
is anabstracrequirementdefinedon an objecttypes,and
documentedby a purposeandthe staleholderinterestedn.
A quality goalroughly expressesaturallanguageaequire-
mentslike “improve the availability of sources1 until the
endof the monthin the viewpoint of the DW administra-
tor”. Quality dimensionge.g. “availability”) are usedto
classifyquality goalsandfactorsinto differentcateyories.
Furthermoregquality dimensionsareusedasa vocahulary
to define quality factorsand goals; yet eachstaleholder
might have a differentvocalulary anddifferentpreferences
in the quality dimensions.Moreover, a quality goalis op-
erationallydefinedby a setof questionso which quality
factorvaluesare providedaspossibleanswers As a result
of the goal evaluationprocessa setof improvementge.g.
designdecisions)anbe proposedjn orderto achieve the
expectedquality [VBQ99]. A quality factor representsan
actualmeasuremendf aquality value,i.e. it relatesquality
valuesto measurabl@bjects. A quality factoris a special
propertyor characteristiof therelatedobjectwith respect
toaqualitydimension It alsorepresenttheexpectedange
of the quality value, which may be ary subsetof a qual-
ity domain Dependenciebetweerguality factorsarealso
storedin the repository Finally, the methodof measure-
mentis attachedo the quality factorthrougha measuring
agent

The quality meta-models notinstantiateddirectly with

1The differentcolorsin this andthe following figuresrefer to the ab-
stractionlevel of theobject: meta-metalassesrewhite, meta-classeare
light-gray simpleclassesredark-gray anddataobjectsareblack.
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concretequality factorsand goals, it is instantiatedwith
patterndor quality factorsandgoals.The useof this inter-
mediateinstantiationlevel enablesdatawarehousestale-
holdersto definetemplate®f quality goalsandfactors.For
example, supposehat the analysisphaseof a dataware-
houseprojecthasdetectedhattheavailability of thesource
databasés critical to ensurethat the daily online transac-
tion processings not affected by the loading processof
thedatawarehouseA sourceadministratomight laterin-
stantiatethis templateof a quality goal with the expected
availability of his specificsourcedatabaseThus,the pro-
grammersof the datawarehousdoading programsknow
thetime window of theupdateprocess.

Basedon the meta-modefor datawarehouserchitec-
tures,we have developeda setof quality factortemplates
which canbe usedasainitial setfor datawarehousejual-
ity management.The exhaustve list of thesetemplates
canbe foundin [QJJ+98. In [VBQ99], we hase shovn
a methodologyfor the applicationof the architectureand
quality model. The methodologyis an adaptationof the
Total Quality ManagementapproachiBBBB95] and con-
sistsof thefollowing steps:

¢ designof objecttypes,quality factorsandgoals,
e evaluationof the quality factors,

e analysisof thequality goalsandfactorsandtheir pos-
sibleimprovementsand

e re-e/aluationof a quality goaldueto the evolution of
datawarehouse.

The basicideaof [VBQ99] is to add (analytical)func-
tions to the quality modelwhich formalizethe dependen-
ciesbetweerthequalityfactors.Theirinversefunctionsare
useto find possibilitiesfor the improvementof dataware-
housequality.

2.3 A Quality-Oriented Data Warehouse Process
M odel

As describedin the previous sectionit is importantthat
all relevant aspectsof a datawarehouseare represented
in the repository Yet the describedarchitectureandqual-
ity model doesnot representhe workflow which is nec-
essaryto build andrun a datawarehousee.g.to integrate
datasourceor to refreshthe datawarehouséncrementally
Thereforewe have addeda datawarehouserocessnodel
to ourmetamodelingframework. Ourgoalis to haveasim-
ple processnodelwhich captureshemostimportantissues
of datawarehousegatherthanbuilding ahugeconstruction
which is difficult to understandndnot very usefuldueto
its complexity.

Figure3 shavs the metamodelfor datawarehousero-
cessesA datawarehousgrocessis composedf several
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Figure3: A processnodelfor datawarehouses

processe®r processstepswhich may be further decom-
posed.Processtepsandthe processegtself are executed
in aspecificorderwhichis describedy the“next” relation
betweerprocessesA processvorksonanobjecttype,e.g.
dataloadingworks on a sourcedatastoreanda dataware-
housedatastore. The processtself mustbe executedby
someobjecttype, usuallyanagentwhich is representeth
the physicalperspeciie of thearchitecturanodel. There-
sultof aprocesss somevalueof adomain theexecutionof
further processesnay dependon this value. For example,
thedataloadingprocesgeturnsasaresulta boolearvalue
representinghe completionvalue of the processij.e. if it
wassuccessfubr not. Furtherprocesstepdik e dataclean-
ing areonly executedif the previousloading processwas
successful. The processs linked to a staleholderwhich
controlsor hasinitiated the process.Moreover, the result
of aprocesss thedatawhichis producedasanoutcomeof
theprocesse.g.thetuplesof arelation.

Processesffect a quality factorof an objecttype, e.qg.
the availability of datasourceor the accurag of a data
store.It mightbe usefulto storealsothe expectedeffecton
the quality factor i.e. if the processmprovesor decreases
thequalityfactor However, theachievedeffectonthequal-
ity factorcanonly bedeterminedy a new measuremertf
this factor A query on the metadataepositorycanthen
searchfor the processesvhich have improved the quality
of acertainobject.

The processegan be subjectto quality measurement,
too. Yet, the quality of a procesds usuallydeterminedby
thequality of its output. Thereforewe do notgointo detail
with procesqquality but quality factorscanbe attachedo
processedpo.

As an examplefor a datawarehouserocesswe have
partially modeledthe datawarehousdoading processin
figure4. Theloadingprocesss composedf severalsteps,
of which onein our exampleis datacleaning. The data
cleaningprocesstepworkson a datastore wherethe data
which have to be cleanedreside. It is executedby some
datacleaningagent.It affectsamongothersthequality fac-
torsaccurag andavailability, in the sensahataccurag is
hopefully improved and availability is decreasedbecause
of locksdueto read-writeoperation®onthedatastore.The
datacleaningprocessnayalsostoresomeresultsof its ex-
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Figure4: An examplefor adatawarehousg@rocesgattern

ecutionin the metadataepository for example,aboolean
valueto representhe successfutompletionof the process
andthe numberof changeduplesin the datastore. As al-

readymentionedn section2.2, thefirst instantiationlevel

providesonly a patternfor datawarehouserocessesand

not the “real” processes.The dataof a “real” processis

storedasaninstanceof this pattern(seebelow).

The information storedin the repositorymay be used
to find deficienciesn datawarehouse.To show the use-
fulnessof this informationwe usethe following query It
returnsall datacleaningprocessesvhich have decreased
the availability of a datastoreaccordingto the storedmea-
surementsThesignificanceof thequeryis thatit canshav
that the implementationof datacleaningprocesshasbe-
comeinefficient.

GenericQueryd ass DecreasedAvailability
i sSA DWO eani ngProcess with
par anet er
ds : DataStore
constraint c :
$ exists qf 1, gf 2/ Dat aSt oreAvail ability
t1,t2,t3/ TransactionTine v1,v2/1nteger
(gf 1 onObject ds) and (gf2 onObject ds) and
this worksOn ds) and (this executedOn t3) and
gf1 when t1) and (gf2 when t2) and (t1<t2) and
1<t3) and (t3<t2) and (gfl achi eved v1) and

t
quZ achi eved v2) and (vl > v2) $
end

The queryhasa datastoreas parameteri.e. the query
will returnonly cleaningprocessewhich arerelatedto the
specifieddatastore. The queryreturnsthe processewhich
have worked on the specifieddata store and which were
executedbetweerthemeasuremenisf quality factorsgf 1
andgf 2, andthemeasuredalueof the newer quality fac-
tor is lower thanthe valueof the older quality factor The
guerycanbeformulatedin amoregenericwayto dealwith
all typesof datawarehouserocessedut for reasonsof
simplicity andunderstandabilitywe have shovn this more
specialvariant.

Finally, figure 5 shavs the traceof a processat the in-
stancdevel. Theprocesgatternfor DW Loadinghasbeen
instantiatedwith a real processwhich hasbeenexecuted
on the specifieddate“April 15,1999". An instantiationof
thelinks to the quality factorsis not necessarybecausé¢he
information that “data cleaning” affectsthe accurag and
the availability of a datastoreis alreadyrecordedin the
procesgatternshavnin figure4.
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3 Data Warehouse Evolution

This sectionpresents framawork for datawarehousevo-
lution. It is basedntheprocessnodelfor datawarehouses
presentedh theprevioussection.We will first discusavhat
typesof evolution may occurin datawarehouse.Finally,
wewill presentheapplicationof ourframeworkto theevo-
lution of datawarehouse&iews.

3.1 Evolution in a Data War ehouse Environment

A datawarehousés avery complex systemwhosecompo-
nentsevolve frequentlyindependentlyf eachother Users
can createnew views or updateold ones. Somesources
may disappearwhile othersare added. The enterprise
modelcanevolve with the enterpriseobjectivesandstrate-
gies. Thetechnicalernvironmentchangewith evolution of
productsandupdates.Designchoicesat the implementa-
tion level canalsoevolveto achieve usersrequirementand
administratiorrequirements.

The data stores can produce changesdue to rea-
sons of schemaevolution in the logical and concep-
tual perspectie, changesto the physical properties of
the source(e.qg. location, performanceetc.), insertionsor
deletionsof data stores,and other reasonsparticular to
their nature (e.g. in the sources,the time window for
extraction or the data entry processcan change). The
software componentscan be upgraded,completed, de-
bugged,etc. The propagationagentsof all types (load-
ers/refreshers/wrappers/mediators/sourgegrators) can
obtain new schedules,newv algorithms, rules, physical
propertiesetc. Needlesgo saythatthe userrequirements
continuouslychangetoo. New requirementsarise,while
old onesmay becomeobsolete,new userscanbe added,
priorities and expected/acceptablealueschangethrough
thetime, etc. Moreover, the businesgulesof anorganiza-
tion areneverthe samedueto changesn therealworld.

As a resultof evolution and errors,our goals,compo-
nentsandquality factorsareneverto befully trusted.Each
time we reuseprevious resultswe must always consider
casedike: lack of measuremendf several objects,errors
in themeasuremergrocedurge.g.throughanagentwhich
is not appropriate) putdatednformation of the repository
with respecto the datawarehousegtc.
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3.2 A MetaMode for Data War ehouse Evolution

A wayto controltheevolutionin datawarehouses to pro-
vide complementaryneta-datavhich tracksthe history of
changesndprovidesa setof consisteng rulesto enforce
whena quality factor hasto be re-evaluated. To do so, it
is necessaryo link quality factorsto evolution operators
which affect them. The ideabehindthis is to enrichthe
meta-dataepositoryin orderto easeheimpactanalysisof
eachevolution operatorandits consequencesnthequality
factormeasures.

Our metamodelfor datawarehousevolution is a spe-
cializationof the datawarehouse@rocessnodel(seefigure
6). An evolution processs composedf evolution opera-
tors, but alsoof “normal” datawarehouserocessesFor
example,the materializationof new datawarehousés an
evolution proces®f thedatawarehousécf. figure7). This
processncludesthe schemaevolution operationssuchas
“Add anew relationto thedatawarehousschema’aswell
asthe loading, extraction andwriting processo evaluate
theview andstoreits extent.

The exampleshown in figure 7 is alsoa patternfor an
evolution procesdik e the examplein figure 4 is a pattern
for adatawarehousgrocessThereforethe patternhasto
befurtherinstantiatedvith anevolution processwhich has
beenexecutedon the datawarehousesystem. The infor-
mationstoredin the metadataepositorycanthenbe used
to analyzetheimpactof certainevolution operation®nthe
datawarehouse.

3.3 Evolution of Data Warehouse Views

To be useful,the describedramework for datawarehouse
evolution must be filled with patternsof evolution pro-
cesses.As an example,we will discussthe evolution of
views in datawarehouses.The evolution of dataware-
houseviews hasbeenstudiedrecentlyin theresearclhiields
of schemaevolution [RLN97, Bell98, Blas99]and main-
tenanceof datawarehouseviews underview redefinition
[GMR9E]. In this section,we do not provide a new tech-
nigue for schemaevolution or view maintenanceof data
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warehouseviews. Our goalis to provide a framework for
the quality-orientedevolution of a datawarehouseandthe
existing techniquesare integratedinto our frameawork to
male useof the semanticallyrich metadatabase.

Oneapplicationof our framework is the monitoring of
datawarehousejuality underthe evolving ervironmentof
adatawarehouseAs describedn section2.2 quality mea-
surementshouldbe repeatederiodicallyto monitor how
the quality of the datawarehousesvolves. In additionto
thearchitectureandquality model,themetamodelfor data
warehouseavolution keepstrack of the (evolution) pro-
cesseswhich have changedthe configurationof the data
warehouseor have changedthe data of the warehouse.
With thisinformation,it is possiblego tracetheevolution of
thedatawarehouself a quality problemsoccurs the meta-
datarepositorycanbe usedto find the (evolution) process
which hascausedhe quality problem. In the restof this
section,we will usethe examplefor the evolution of data
warehouseiews to shov the usefulnes®f our approach.

In [CNR99 ataxonomyfor schemavolution operators
in object-orientedlatabasets given. We have adaptedhis
taxonomyto relationaldatabasesyhich are often usedin
datawarehousesTable 1l summarizeshe evolution oper
atorsfor baserelationsandviews, andrelatesthemto the
quality factorswhich are affectedby this evolution opera-
tor.

The evolution operatordor baserelationsandviews in
datawarehouseamainly work on the representatiomf the
relationin thelogical perspectie of thearchitecturenodel,
i.e. therelationitself andthe logical schemat belongsto.
Moreover, they affect the physicalobjectswherethe data
of therelationis storedor wherethe view is materialized,
i.e.thedatastores.In addition,if thereexistsanotheriew
which is basedon the evolved relation or view, thenthe
view definition, the materializationof the view, and the
maintenanc@roceduranustbe updatedfoo.

The completenesscorrectnessand consisteng of the
logical schemawith respectto conceptuaimodel are the
mostimportantquality factorsaffectedby theseevolution
operatorsFurthermorethedeletionof abaserelationor an
attribute might have a positive impacton the minimality or
theredundanyg of thelogical schemaTherenamingof at-
tributesandrelationsto moremeaningfulnamesmproves
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Tablel: Evolution Operatordor baserelationsandviews in DWs andtheir effecton DW quality

Evolution Operator Affects Quality Factor WorksOn
Add baserelation/viev - Completenesgorrectnesandconsisteng of thelog- |- Relation
ical schemawrt. theconceptuamodel - Logical Schema
- Usefulnes®f schema - DataStore

- Availability of the datastore

Deletebaserelation/viev

- Minimality of logical schema

- Completenesgorrectnesandconsisteng of thelog-
ical schemawrt. theconceptuamodel

- Availability of datastore

- Relation,Log. Schema
- DataStore

- View

- View Maintenancedgent

Add attribute
relation/viev

to base

- Completenesgorrectnesandconsisteng of thelog-
ical schemawrt. theconceptuamodel

- Interpretabilityof therelation

- Redundang of theattributes

- Relation

- DataStore

- View

- View Maintenancedgent

Delete attribute from base
relation/viev

- Completenesgorrectnesandconsisteng of thelog-
ical schemawrt. theconceptuamodel

- Interpretabilityof therelation

- Redundang of the attributes

- Relation

- DataStore

- View

- View Maintenancedgent

RenameRelation, View, or
Attribute

- Interpretability and understandabilityof the relation
andtheir attributes

- Relation,View
- DataStore,VM Agent

Changeof attributedomain

- Interpretabilityof data

- Relation,View
- DataStore,VM Agent

Add Integrity Constraint

- Credibility andConsistenyg of datain datastore

- Logical Schema

- DataStore
Deletelntegrity Constraint |- Consisteng of datawrt. integrity constraints - Logical Schema
- DataStore
Changeo view definition |- Completenesgorrectnesandconsisteng of thelog- |- View
ical schemawrt. theconceptuamodel - DataStore

- Usefulnes®f schema

- View Maintenancedgent

theinterpretabilityandthe understandabilityf thelogical
schemaThechangeof thedomainof anattributeto amore
applicabledomain,e.g.changinghedomainfrom stringto
date,improvesthe interpretability of data. New integrity
constraintsn the logical schemamay improve the credi-
bility andthe consisteng of the data. Finally, if the view
definitionis changedvithout animpacton the structureof
the view (e.g.the WHERE clausein a SQL statemenis
changed}he view may becomeusefulfor more client ap-
plications.

As anexampleto show the usefulnes®f the dataware-
houseevolution model,we supposehatananalysthasde-
tectedthattheviews heis usingarechangedften,andthat
he wantsto get notified aboutfuture changes.We canes-
tablisha view on the metadatarepositoryfor the analyst
which monitorsthe changedo theview heis interestedn.

Vi ew Evol uti onQperati onsOnVi ew
i sA Rel ati onal Evol uti onProcess with
par anet er
v . DWiew
constraint
c: $ (this worksOn v) $
end

This view returnsall evolution operationswhich are
madeto the given datawarehouseview assuminghatall
evolutionprocessesoncerningelationalschemaavolution

C. Quix

areinstancesf the procesgype RelationalEwlutionPro-
cess. A similar view might be useful for datawarehouse
administratorswvhich notifies themif baserelationshave
changed. Our repositorysystemConceptBasés able to
maintainviews on the metadataand supportsthe notifica-
tion of externalclient applicationsif a view haschanged
they areinterestedn [SQJ98].

34 Case Study

In [Lehm97, a commercial casestudy is describedin
whichanearlyversionof theapproachdescribedbore has
beenusedto link changesn the definition of materialized
views of the datawarehouseo changesn the view main-
tenancestratey.

We have developeda tool for datawarehouselesignat
therelationallevel, aiming at several datawarehousejual-
ity goalslik e reusabilityof solutions suflicientandflexible
freshnessf data, ability for evolution of sourceor data
warehousechemasandclear procesglefinitionsfor data
integration and refreshment.Prior to the developmentof
thistool, especiallythegoalof flexibility washamperedy
the needto re-programscriptswheneer schemaor policy
changesappened.

Due to the constraintsin the project, we decidedto
decomposethe data warehouseviews into several self-
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maintainableviews [HZ96]. The designtool recordsthe
schemalefinitionsof the sourcesystemsandtheview defi-
nitionsof thewarehouselt thendecomposetheviewsand
createsautomaticallythe SQL statementso initialize and
incrementallymaintainthe views.

If the schemaof the sourcesor of the datawarehouse
haschanged,only little effort is necessaryo updatethe
maintenancerocesses,e. only the SQL codehasto be
re-generatedHowever, we did not supportthe adaptation
of thetuplesin therelationsto the new schema.

Thetool hasbeenintegratedinto a commercialproduct
suite for salesforce automationand has significantly re-
ducedthe effort of datawarehousenaintenanc@JQB+99].

4 Reated Work

An approachfor the managemenof views in a federated
databasesystemis proposedin [KGF98]. The approach
is basedon a knowledgebasewhich storeswhatinforma-
tion is availablein the federateddatabasehow it hasbeen
combinedpreviously, and how the informationis related
semantically A workbenchof tools assistusersto create
andevolve the knowledgebaseandtheir views on thefed-
erateddatabassystem.

Researchin datawarehousesaddresseshe evolution
problem from two different perspecties. The first as-
pectis the schemaevolution of baserelationsand views,
whichhasbeenstudiedin [Bell98], [RLN97] and[Blas99].
[Bell9g] providesa setof algorithmsto maintainthedefini-
tionsof views if the schemaof the baserelationsis chang-
ing. Furthermore different versionsof a view are con-
structedandmaintainedf theview definitionhaschanged.
The versioningof views is necessarnbecausenot every
client applicationof the datawarehousecanbe adaptedo
thenew versionof theview.

[RLN97] provides a taxonomy of view adaptations
problems. The taxonomyis basedupon the types of
changedo the view, the desiredlevel of view adaptabil-
ity in the context of changesand the changegelatedto
the baseinformation system,e.g. dataupdates capability
changesor metadatachanges. They presentan environ-
mentfor the view synchronizatiorproblem,i.e. the view
definition adaptatioris triggeredby capability changesf
informationsystems Otherwork in the contect of schema
evolution hasbeendevotedto the evolution of schemasn
object-orientediatabasekk e [CNR9Y.

[Blas99 presents framework for the evolution of con-
ceptualmultidimensionalschemata.ln this approachthe
datawarehousds designedand maintainedat a concep-
tuallevel. Eachevolution operationatthe conceptualevel
haswell-definedsemantica&ndis mappedo a physicalim-
plementatiorevel. The framevork supportsamongother
featuresthe automaticadaptatiorof instancesghangeno-
tification for applications,and forward compatibility of
schemata.

C. Quix

The secondberspectie which addressethe problemof
evolution of datawarehouseviews, is maintenancef the
extentof aview. In [GMR95], the problemof incremental
view maintenanceinderview redefinitionis studied. An
overview andataxonomyof view maintenancg@roblemss
givenin [GM95]. [HMV99] studiesthe problemof main-
taining multi-dimensionablatacubesunderdimensionup-
dates.They definea basicsetof operatoravhy modify the
dimensionf a datacube. Moreover, they provide anal-
gorithm for maintainingthe datacubeundertheseupdate
operations.

5 Conclusions

We have extendedour metamodelingframework for data
warehousearchitectureand quality by a model for data
warehous@rocesseandhave specializedhis modelto the
caseof datawarehousesvolution. In detail, we have ad-
dressedhe problemof evolution of datawarehouseiews.
The managemenbf the metadatain our repositorysys-
temConceptBasallowsusto queryandanalyzethestored
metadatdor errorsanddeficiencies.In addition,features
like clientnotificationandactive rulesof ConceptBassup-
port the maintenancef the datawarehousecomponents
andkeepdatawarehouseisersup-to-dateon the statusof
thedatawarehouse.

In the DWQ project, we are currently studying some
datawarehouseprocessetk e updatepropagationguery-
ing, and conceptualdesign. Furthermore,the different
typesof datawarehousevolutionmentionedn section3.1
have to be studiedin moredetail. In this context, the pro-
posedmodelswill be refinedand extendedto cover new
aspectof datawarehouserocessesA validation of the
datawarehouseprocessmodel with one of our industrial
cooperatiompartners- a small datawarehousepplication
vendor- is alsoplannedfor thefuture.
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