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Abstract. Data warehousesare complex systems that have to deliver
highly-aggregated, high quality data from heterogeneous sourabsctsion
makers. Due to the dynamic change in the requirements and the environment,
data warehouse system rely on meta databasesntool their operationand

to aid their evolution. In this paper,we presentan approachto assessthe
quality of thedatawarehousevia a semanticallyrich model of quality man-
agementin a datawarehouseThe model allows stakeholdersto design ab-

stract quality goals that are translated to executable analysis querigslon

ity measurements in the data warehouse’s meta database. The approach

ing implemented using the ConceptBase meta database system.

1 Introduction

Datawarehousesystemsareideally suitedto investigatethe designand analysis of
quality information because theye consistingof many componentsthey involve a
large number of stakeholders with different goals, and thegarstantlybeing moni-
toredvia administrationtools. Figure 1 showsthe traditional understandingf data
warehouse. They scan by so-called wrappers Hagesetsand materializethemin a
central (or distributed) database syst&Hients for dataanalysisand decisionmaking
accesghe materializeddatasetsto generateand validate hypothesesbout the enter-
prise.

Before data warehousesdraw the attention of researcherdn the early nineties

[CGMH+94,KLSS+95,HGMW+95] the integration of heterogeneous data sources was

investigated using semantic data models that trieith limited success to resolve
inhomogeneities to the largestpossible extent [Wie92,HZ96]. They concentrated
mainly on improving the consistencyof the global schemaDatawarehousegackle
the problem in a broadevay that interestinglymakesthings easier.Besidesconsis-
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tency, quality goals like timeliness, accessibility ariders[WSF95] comeinto play
which reducethe previously absoluteconsistencygoalsto a relative one. Moreover,
datawarehousesre read-onlyfor the clients and materializeonly data of interestto
decisionmaking. Via aggregationerrorsin individual datasourcegendto be mini-
mized by the statistical law of the great numbers.
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Fig. 1. Current Understanding of a Data Warehouse [JJQ*98]

We claimhoweverthat the designand analysisof the quality of a datawarehouses

not well-understood and a great problem from the perspective of the users [Janos88].
tackle the problem, a rich semantic data model was progd3€d98] for the compo-
nents of a data warehouse linked to a quality model. The architecture model (see Figure
2) providesfor modelingobjectsat source,datawarehouseandclient level with per-
spectives for the conceptual view (a variant of e semanticdatamodel), the logi-

cal view (relationabdatamodel enhancedy aggregatiordatatypes),andthe physical
view (an extensionof dataflow diagrams).Essentially,we providedin [JJQ*98] a
method for representing datearehousebjectsin the metadatabaseDatawarehouse
objects can come from all levels (source, data warehouse, client), frperspectives
(conceptuallogical, physical),andfrom any abstractiorayer. For example,an in-
stance like a specific object of a table can be represented imettaelatabasgust like

its relationdefinition andeventhe datamodel. The sameholds for transportagents
both at the classlevel (the transportagentas a programdefinition) andthe instance
level (a transport agent process running at a certain time and performing a sjaeific
transport in the data warehouse system).



As a consequence, the meta database of the data warblasasethercomprehensive
view of thestructureof the datawarehousedthe classlayer) andits currentstate(the

instance layer). The ideaf [JJQ*98]wasto makeall datawarehousebjectssubject
to quality assessment. Tipeoblemleft openin that paperwashow to representhe

quality modelandhow to useit both for quality goal formulation and for quality

measurement. Here is where this paper continues.
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Fig. 2. Levels and perspectives for data warehouse models [JJQ*98]

We arguethat the metadatabasef a datawarehousas the right placeto explicitly

represenguality goalsof stakeholderandto transformtheminto executablejueries
on results of quality measurement. The results of quality measuremeatsas®red
in the meta database. Thasalysisof the quality of a datawarehouseshall be done
by queryingthe metadatabaseOur proposalfollows the Goal-Question-Metricap-
proach [OB92] originally developed for software quality managementnidie differ-

encein our proposalis representatiof ‘quality questions’as executablequerieson

the semanticallyrich metadatabaseThe meta modeling languageTelos [MBJK90]

togetherwith the query capabilitiesof ConceptBas¢JGJ*95] form the basis of the
presentatiorthroughoutthe paper.All conceptsand queriescan be directly inserted
into ConceptBase to form a prototyfur the datawarehousejuality managementn

the next section,a collection of importantconceptsfor quality managements dis-
cussedalong with informal examplesThen, a formal metamodelis derivedfrom it

and appliedo the two tasksof quality goal designand quality analysis.Finally, we
discuss limitations of the approach and further work.



2 Basic Concepts for Quality in Data Warehouses

Quality is an issue depending on objeatsll levelsandperspective®f a dataware-
house (figure 2), and depending on quality goals of different stakeholders.

A measurable object is an object in the conceptual, logical or physjsaispective

of a data warehouse. This is the common base fdassdl classesn the architectural

model. Examples are the conceptual schema of a data source, the logical sctmema of
data warehouse, a wrapper agent, the physical location of a multidimensional data cube
and so on. Labeling them measurableobject meansthat some measurablequality

goals may be attached to them.

A quality goal is an abstractrequirementas definedin the Goal-Question-Metric
approachof Basili et al. [OB92], it is a relatedto an object and has a stakeholder,
dimensionand purpose(see below). As such, a quality goal is a natural-language
statement by a stakeholder about her/his quality requiremésityipically not opera-
tional in the sense that there is a uniqgue method to check wile¢hgoal is achieved
or not. Examplesare "improve the availability of the sources1 until the endof the
month (in the viewpoint of the stakehold@w administrator)”’and "increasethe effi-
ciency of the data loading process (in the viewpoint osthkeholdessourceadminis-
trator)”. By nature, a quality goal is describing some future state afaasvarehouse
system that is typically not fulfilled ipresentime. One may also comparethem to
user requirements in a software developnmotessHowever,in the datawarehouse
setting, quality goals can be formulated at any timéhe life cycle of the dataware-
house.

A quality query operateson quality measurementto checkif a quality goal is
currently fulfilled or how the measured quality has changed in a cgeaiod of time.
The quality query does not only compare expected range with the achievedfviidae
guality measuremenit canhavea more complicatedmethodto checkif the quality
goal is fulfilled or not (e.g. by the combinatioh severalquality measurementspn
examplequerywould be whetherthe availability value of datasourceS1 is in the
expected range of 97%. Qualiyeriesarethe formal (and executablegpecifications
on how to check whether the quality goal for which it provides evidereghisvedor
not. In our model, wassumethat any information necessaryo decidethat is in the
DW meta database. Thus, a query to the meta databsisificient to evaluatea qual-
ity query.The algorithmsfor quality measurementare hiddenin the metric agents
(see below): they store a quality value as result of a measurement in the meta database.

A quality dimension is a term usedto formulate quality goals. The terms are
arranged in apecializatiorhierarchy.Eachstakeholdemay havehis/herown hierar-
chy of preferredquality dimensions.Examplesare data usagequality, accessibility,
consistency, timeliness etc. The difference of quality dimensignatity goal is that
the latter has a) a direction like ‘improve’ or ‘achieve’, and b) a measurable thigct



appliedto. Quality dimensionsprovide the vocabularyto formulate quality goals.
Each stakeholder may have a different vocabulary, i.e. hierarchy of quality dimensions.

A quality measurement is the documented activity to measure the qualftgome
measurableobjects. The documentatiorestablishesa static relationship betweena
measurablebject andthe measuredjuality value. It usesa quality metricto get an
actual quality value of the object,libsan interval of expectedvaluesfor the quality
value, and it is related toguality dimension.Quality measurementsiay be special-
ized for measuringa specific kind of DW objects, e.g. measuremenodf Non-Null-
Tuples applies only to relations being paftthe logical schemaAn examplewould
be like "the current value for availability of source sl is 23.5 hours per day”.

A metric unit specifiesthe dimensionof a quality value. It is analogto physical
units like "meter/second” for measuring speed. We allow that for a ¢ineinof qual-
ity measurementmultiple units are possible. For example, one could have
"nullvalues/ tuples” or "nullvalues / attributes”as metric units for measuringthe
completeness of a relation. Liker physicalunits, therecanbe an algebrafor trans-
forming a quality value from one metric unit to another.

A quality domain specifiespermissiblequality valueswhich themselvesare the
results of measurements. Quakltgluesareinstancef a quality domain.Domains
should be totally ordered, i.e. for two valuey of a domaineitherx <y, or x=y or
y<x holds. Quality values ardifferent from quality measurementsa measuremernis
the activity to attacha quality valueto a measurablebject. Examplesare 23 hours
and95%. The pure value hasno meaningby itself. Only the link to a measurable
object and (via a quality query) the link to a quality goal establishesotitextneces-
sary to interpret such a value!

A quality range is a set of quality values, in particularexpected quality values.
The most common form of ranges are intervals. We generalize thithsetof qual-
ity domains. Finally, atakeholder is a person who formulates quality go&ds the
datawarehouseTypically, a stakeholdereceivesas feedbackanswersto the quality
guerieswhich provide evidencefor his/herquality goals. The DW administrator,the
decision maker anthe sourceadministratorareall stakeholdersvith different quality
goals.

3 The Quality Meta Model

The aboveglossarycould usedbe usedto understandhe issuesof quality manage-
ment. By usinga metamodelingapproachjt canbe madepart of the metadatabase
schema of the data warehouse. By doing so, the stakeholders can represgulityeir
goals explicitly and thenetadatabasenaintainsthe relationshipto quality valuesof
measurabl@bjects. Thus, the quality meta model can be usedfor both designand
analysis purposes. To do so, one hagkeinto accountthat a quality measurement



maps an arbitrary object of a data warehouse (e.g., the number of null vadoescef
relation‘Sales’) to somevalue. Thus, a quality measurementeelatesconceptswith
different abstraction levels, here a schema concept to a number.

Because of this, we proposecaiality metamodel (seeFigure 3) whoseconceptsare
all at the meta class level (indicated by light gray boxes) with the notable excefption
‘MeasurableObjectbeing a meta meta class (white box). The quality meta model
provides the notatiofor formulating quality goals, queries,and measurements.The
upper part around ‘QualityGoal’ allows stakeholders to formulate qualjyirements
for ‘MeasurableObject’. Typical instancesof ‘MeasurableObject’'are ‘Relation’,
‘Agent’ etc., i.e. all kinds of objects present in a data warehandeepresentedh its
meta database.The purposeof a quality goal is interpretedas a direction, e.g.
‘increasing’ or ‘achieving'somequality goal. It canbe usedfor mappingthe quality
goal into a query. The descripti@s just a string like the exampledor quality goals
in the previoussection.Finally, a quality goal is linked to the quality dimensions,
e.g. availability.

I QualityGoal forPerson

Stakeholder
concreteBy

dimension
imposedOn | | lprefers
I'QualityQuery | Quality
Dime@i)
evaluates isSubDimOf

dependsOn dimension

Measureable
Object

expected

of

achieved

nit

Measuring -
Timestamp

| hasResult

QualityDomain

T

Fig. 3. The quality meta model

While the upperthird aroundquality goal is abstractand design-orientedthe lower
third is concrete and analysis-oriented. A measurable object is linkegLiality value



by a quality measurement, not incidentally displayed like an ER relationship type. The
guality measurement also linksmeasurablebjectto expectedan unexpectedanges

for the quality values.It canbe comparedo a temperaturaneter showing a certain

value on a scalaiith greenandred ranges.By attachingsucha quality measurement
explicitly to a measurablebject, we expresshat we wantto monitor the quality of

that object.

It is essentiathat MeasurableObjeds at a different abstractlevel. Just considera
concept like the relation ‘SalesEurope’. It isla abstractiorlevel of a simple class
whose instances are the tuplesta# relation. However,a quality value on the avail-
ability of this relation is just a number, i.e. an instanbgect. In functionalterms,a
guality measurement maps a concept (like SalesEurope) to a concrete number.

In our current model, quality dimensioaserelated to stakeholderandthey form a
subsumption hierarchy, e.g. traceability is sub-dimensiddesfign& administration
quality (DW Designer /Administrator viewpoint). We want to stress that the hierarchy
of quality dimensionsdependon the stakeholderfoo. Every stakeholderprefersits

own quality dimensionsand arrangesthem in her own hierarchy.In ConceptBase,
different viewpoints (roughly hierarchiesof quality dimensions)can implementedin
different modules, so that the viewpoints are independent from each other.

The analysisof thesegoals are supportedby queriesworking on quality measure-
ments. The relationshipbetweenquality queriesand quality measurementsvill be
mostly defined implicit through the query classes of ConceptBase.

4  Specialization and Instantiation of the Model

When we instantiate quality goals, we encode aajuality goalsof stakeholderdike
shownabove.Instanceof quality measurementsncodethe plan to measurean in-
stance of DW_Obiject, e.g. the relation ‘SalesEurope’ for its quality value on availabil-
ity. The figure below definesa quality goal ‘AvailGoalforRel’ that statesthat stake-
holders ‘DW Administrator’ may in principle be interestedaithievinga certainlevel

of availability for (source) relations.

As mentioned above, the natural language definitioquadity goal is takenfrom the
GQM model. Goals are represented there as a template of purpose, issue|editied
dimension here), object and viewpoint (calltdkeholdehere). Considerthe follow-
ing two examples of quality goals:

Purpose: Achieve

QualityDimension:  Availability

Measurable Object: source relation SalesEurope
Stakeholder: Data Warehouse Administrator
Description: "... at least once per week”



Pur pose: Increase

QualityDimension:  Efficiency

Measurable Object: process data loading

Stakeholder: Source administrator

Description: "... increase speed of data loading by 25%”

Measureable .
String

Object imposedOn description
direction!
byPerson | stakeholder

! QualityGoal

i

prefers

s

dimension

- -’

Quiality
Dimension
a )
yin isSubDImOf

1
1
in urpose }  longte:
! who
¢ prefAvail

whatDim
otl
1
1 Goal_1 gy g
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Figure 4 shows how quality goals are encoded using the quaditgmodel. The dark
gray boxesare simple classes(schemalevel). They are patternto expressinstance
quality goals like ‘Goal_1' oktakeholdefMokrane’. The figure is not a one-to-one
translation of the above textual examples. Instead, one part of the example tues
simple class level (gray boxes) , and tikerto the instancelevel (black boxes).At
the simple class level, a goal ‘AvailGoalforRel’ is formulated that refers to object type
‘Relation’. The purpose is set to ‘Achieve’ and a descriptsogiven. Moreover, it is
stated that the DW Administrat@s in principle interestedn sucha goal. At the in-
stance level, ‘Goal 1’ represents the fiwt ‘Mokrane’ (beinga real DW administra-
tor) has instantiated this goal for the (source) relation ‘SalesEurope’. Naléféhnent
abstractiorlevels of the ‘Goal 1’ and ‘SalesEurope’! By simple instantiation,the
samequality goal can be attached/detachetd multiple datawarehouseobjects, here



relations. The middle layer digure 4 representpatternsof quality goalsratherthan
actual quality goals which are found in the lower layidtus, the middle layer consti-
tutesre-usablequality goalsthat only haveto be parameterizedy the object type
(here: an instance ‘Relation’) and the stakeholder(here an instance of ‘DW-
Administrator’). A companyusing our approachmay populatethis middle layer by
their specific collection of quality goal patterns.This collection encodeghe domain
knowledge of that company about formulating quality goals.

Figure 5 instantiateghe quality measuremenpart of the metamodel. Again, it de-

fines a pattern for measurementsat the simple class level. Here, the class
‘measureNullValues’ is defined to measure relations into percentages of null values per
tuple (100% means that all values of all tuples are NULL). &xaetinterpretationis

hidden in thedescriptionof the metricunit ‘#nullvalues/#tuples’A range[0;2] is
defined as the expected interval The metdentis ‘nv_counter’ which possibly only
accesses a small portion of the relation to estimate the achieved quality value.
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Fig. 5. Use of the quality model for measurements

The definition of the expected range as a query class in ConceptBase is dpeeids/
defining subsets out of the possible quality domain.



QueryClass [0;2] isA[0;100] with
constrai nt
c: $ (this >=0.0) and (this =< 2.0) $
end

Cass [0;100] in QualityDormain i sA Real with
constrai nt
c: $ (this > 0.0) and (this =< 100.0) $
end

A quality domainis definedby an ordinary classwith membershipconstraint. Note
that query classes automatically classify the instances of their supewhiabdulfill
the constraint of the query class.

At the instancelevel, two measurementare shown. The first ‘gm1’ resultsin an
expectedquality value, the secondis an incompleteinstancethat representsa future
measurement. Because the ranges are formally dedimgderies the measuredjuality
valuesare automaticallyclassifiedto be in the expectedor unexpectedange.The
expected range is attached at the instance level. Thereby, each quality meastamement
haveits own expectedrange.Like measuredjuality values,the expectedangesmay
changeovertime. A partial instancelike ‘gm2’ is interpretedas the plan to do the
measurement of the specified class on the specified objectgaabifiedtime expect-

ing the specified range.

What remainsopenis the role of the quality queryin the metamodel. It is placed
betweenquality goal and quality measurementThe purposeof quality queryis to
mediatebetweenthe quality goal (an abstractrequirementhat cannotbe assessedi-
rectly) and a measurement (yielding a concrete quality value).

Qual i tyQuery TooManyNul | Val ues i sA Source, Relation with
constrai nt
c: $ exists nf MeasureNul | Val ues
(this hasMeasure m and
not (min MeasurelNull Val ues®exprange) $
end

That query isevidence for a quality goal like ‘AchieveCompl’ (achievecompleteness

of source relations). Note that the query restricts the relatidns teeasuredA more
complicated query has to be defined for the purpose of increasing a certain quality goal,
e.g. increase the number surcerelationswhich havean expectedquality value for

the percentage of null values. The instancebhefjuery ‘BetterOnNullValues’shown

below are all source relations tife datawarehousevhich perform betteron the null

values (based on two measurements). The attribfieg' wasnot shownin the meta



model to ensure the readability. The objects ‘Source”BRethtion’ locatethe kind of
data warehouse objects that are of interest to this querythié Bourceschemeof the
logical perspective in figure 2.

Qual ityQuery BetterOnNul | val ues i sA Source, Rel ation
wi th constraint
c: $ exists ni, m2/ Measur eNul | Val ues
(this hasMeasure ml) and
(this hasMeasure n2) and
(2 after nl) and
exi sts vi,v2/[0; 100]
(m. qualityval ue v1) and
(nm2 qualityval ue v2)
==> (vl >v2) $
end

In the implementation of the quality model, a metric agentld storethe precedence

of measurements in the meta database. More detaftaunation aboutmeasurements

is also possible. For example, the attribute "when: Timestamp” spefafi@squality
measurement when it was (or will be taken). Then, an instance like ‘gm2’ could lack
quality value but couldhavea ‘when’ attribute sometimein the future. Suchincom-
plete measurement objects denote a schaxfuleeasurementgery much like a cron-

tab file in UNIX.

The quality meta model of figure 3, a qualggal is madeconcreteby multiple qual-

ity queries. Quality queries themselves accegsatity measurementattachedo data

warehousebjects. Data warehouseobjects are classifiedin the DW meta database
according to level, perspective, and abstraction layer as introduced in dedtience,

quality queries aggregate information of rather heterogeneous nature in quo®ide

evidence for the fulfillment or non-fulfillment of a quality goal.

The usefulnessf the quality queriesdependon the completenesgjmeliness,accu-
racy, and consistencyof the metadatabaseparticularly of the quality measurements
materialized there. The meta database itself can be regarded asom tlemdataware-
housesystemwhich hasto be maintainedaccordingto secondary quality goals. We
will however not elaborate on this problem here.



5 Conclusions

We presented quality metamodelfor datawarehouseshat can be usedfor both de-
sign of quality and analysis of quality measurements. The moddiecdinectly incor-
porated into the meta database system ConceptBase. The main advantages are:

* Any kind of measurabl®bjectis allowedaslong it is representedn the meta
databasef the datawarehouseSpecifically, static objectslike schemaconcepts
and dynamic objects like wrappers are supported.

* Quality goalscan be formulatedfrom the perspectivef an extensibleset of
stakeholders. Each stakeholder can aghesdatawarehousequality from his/her
perspective by evaluating the quality queries attached to his/her quality goals.

* Quality queries are executable queries on the aezbaseTheir answersarethe
evidence for astakeholdeto decidewhetherthe quality is appropriateor not. At
any time quality queries can be inserted, extended, modifiettemoved.This is
due to the fact that the medatabasés not just a CASE repositorybut an inte-
gral part of the runtime data warehouse system.

* Quality measurements are explicitly stored in the ndatabaseBy materializing
sequences of quality measurements of the same type in the meta databass,

realize more advanced quality goals about trends by appropriate quality queries.

Besidesthe integratedquality metamodel,a major achievementis the separationof
quality information at the instan@nd schemadevel. The latter providesfor a collec-
tion of reusable quality goals and measurements that are actiyagtohple instantia-
tion in the meta database.

There are a couple of research questions taddeessed-irst, a suitablecollection of

quality metricsfor datawarehousedasto be investigated. Starting point is the re-

searchand practiceon metricsin the software developmentarea.Second,a suitable
strategy for materializinghe quality measurements missing. For the moment,we

assumehat thereare externalmetric agentsthat computesome quality value for a
given measurable object. But whehouldthe agentbe activated?Supposedlymeas-
uring the quality of a component likesourcerelationis computationallyexpensive.
Onesimply cannotafford to measurethe quality for all componentscontinuously.
Interestingly, the quality of the materialized quality measurements casskssetike

the quality of any other component. They have a cedeturacya certaintimeliness
etc.

The interdependenciesetweenquality measurementias not beenaddressedn this
paper.One can assumethat the quality of interacting data warehousecomponents
dependon eachother. For example the completenessf a materializeddatacube de-
pends orthe completenessf the datasourcesWould it be possibleto estimatethe



quality value of the data culimsedon the quality valuesof the datasourcespr vice
versa?

The approachis currently implementedin the Esprit Project Foundationsof Data
Warehouse Quality (DWQ)I'est bedsare being providedby associateghartnersfrom
the telecommunications industry and the insurance business. A prosbiyyéngthe
designand analysiscapabilitiesis finished and being demonstrate@t datawarehouse
conferences and workshops [GJJ*98].

Research on quality management for data warehouses is stiljahisis.Data ware-
houses are an excellent research object in this respect: there has beendgtigated
so far and the need forsmlution is imminent. The quality metamodel elaboratecbn

in this paper provides the structure for representing knowledgewrto do the qual-

ity management for given application.The actualselectionof quality goal patterns
and quality measurement plans is subjecthe applicationdomain.Thus, an impor-

tant next stepis to populatethe metadatabasevith domain knowledgeon how to

organize quality management for a given application.

A further research goal is to extend to method to the desigabaarehousevhich
includesview refreshmenstrategiesselectionof the right sourcedatabasesfilters,

transport agents etc. based on thgiality properties.Our approachcurrently concen-
trates on the assessment of the quality of a givenvamtehousesolution. By linking

it to a quality-oriented design/evolution method, we hope to estabfestdbackcycle
for continuous improvement of a data warehouse sola@doordingto changingqual-
ity goals.

Acknowledgments: Many thanks go to our DWQ@artnersespeciallyto Mokrane
BouzeghoubMaurizio Lenzerini, PanosVassiliadis,and Enrico Franconifor com-
menting on earlier versions on the quality meta model.
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