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Abstract

The fact that Data Quality (DQ) depends on the exintin which data are produced, stored
and used, is widely recognized in the research aomityn Data Warehouse Systems (DWS),
whose main goal is to give support to decision mgkiased on data, have had a huge growth
in the last years, in research and indudd. in this kind of systems becomes essenfihls
work presents a proposal for identifying DQ probdéemthe domain of DWS, considering the
different contexts that exist in each system comeptnThis proposal may act as a first
conceptual framework that guides the DQ-responsiblthe management of DQ in DWS.
The main contributions of this work are a thoroliggrature review about how contexts are
used for evaluating DQ in DWS, and a proposal &seasing DQ in DWS through context-
based DQ metrics.
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1 Introduction

Data Quality (DQ) is a wide research area, whiatluges different aspects, issues and challengesid®&s it is
extremely relevant for industry due to its impactnformation systems of all application domaing) Befers to a
set of characteristics that data should have, asdccuracy, currency, completeness, etc. [1].cbhsequences of
low quality in data are often experimented in ddifly, for example when a wrong address or dupdicaistomer
information generate problems with customer refaiop. On the other hand, when considering multgubel
heterogeneous sources that must be integrated, fDi sources is usually unknown and must be eteduand
improved as part of the integration process [2].

The fact that DQ depends on the context in whidla dae produced, stored and used, is widely rezegnin
the research community [3]. Following this ideag fliness for useapproach, firstly presented in [4], is also a
widely adopted concept, where quality is considexgdotally dependent on the adequacy of dataeto ithtended
use.

The Contextresearch area is also very wide and has manyreliffeapplications. Many authors have already
identified the importance that context has for dagaexample in [5]. For instance, in Pervasiver{poiting domain,
where applications operate in highly dynamic envinents, context is necessary for selecting datvaet to the
user, as these data should be adequate to therusssnment, and this environment determines timteoca [6].

On the other hand, the Data Warehouse researchhacan enormous development during the last two
decades, in particular the topics of design, log@ind maintenance, and OLAP (On-Line Analyticald@ssing). At
the same time, there was a significant grew inuge of these systems in industry and a prolifematibtools for
their implementation and exploitation. Moreover the last years, the increasing volume of availalaia and the
importance data have gained, have contributedetoelevance of the Data Warehouse Systems (DWS)sevimain
goal is to give support to decision making basedlata. DQ in this kind of systems becomes esselitiaan be
addressed from two points of view: (i) the finabushould be aware of the quality of the data hedeiving, and
(i) the system should be able to control and imprthe quality of the data it receives, processespovides.

This work presents a proposal for identifying D@lgems in the domain of DWS, considering the défer
contexts that exist in each system component. fifuiposal may act as a first conceptual framewacak gluides the
DQ-responsible in the management of DQ in DWS.

The main contributions of this work are the followi (i) a literature review identifying and analygi the
proposals that relate the topics of DW, DQ and €xtst (ii) the definition of contexts in DWS and D@etrics
based on these contexts, and (iii) a case studyisgdhe application of the proposal.

This paper is an extension of [7], where we presgtatreduced literature review and one metric dohekind
of DQ defined. In this paper we present a widegrditure review where we consider many more work$ an
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additionally, we present some relevant results sarized into tables. On the other hand, the presenk adds
more DQ metrics that show different strategiesrieasuring DQ with context-based metrics.

The rest of the paper is organized as follows: i8e@ introduces the three research areas invaivetlis
work, Section 3 presents a literature review, $acti presents an approach for assessing DQ tabkimigxts into
account, Section 5 presents a Case Study whereoh B€ metrics are defined, and finally, Sectioprésents the
conclusions and future work.

2 Data Quality, Data War ehouse Systems and Contexts

This section presents the main concepts of theareseareas over which this work is built; Data @yalData
Warehouse and Contexts.

The impact that low DQ has over the organizatiams the huge influence it has over all kinds of infation
systems in all kinds of application domains is dedy recognized problem. However, the meanindaié qualityis
not always understood and there are still in tterdiure different definitions for it. In [8] DQ defined as the
capacity of satisfying the requirements for the obeata. According to the authors, DQ dependsheninitended
use of the data as well as on the data itself9]rD[Q is defined as thitness for usef the data. This concept is
widely adopted in the DQ related bibliography, sash[1][3][10][11]. In [1] the authors present amadysis of the
different definitions of DQ that were proposed sirthe 90’s, and they remark that a definition idahg the main
characteristics considered by most of the exisgimgposals is needed. They conclude that DQ reteis set of
quality dimensions, which in general are definedjaality properties or characteristics, and whioé grouped in
four categories: accuracy, currency, completenesb @onsistency. In addition, they state that these the
dimensions more often associated to DQ. Howevey; ay that there is not an agreement in the fitegaabout the
set of dimensions that characterize DQ or the nmgsndf them, and a standard has not yet been issizdbl

Among all the existing kinds of decision supporsteyns, DWS are the ones over which academic and
industrial communities had paid more attention [118][13], Inmon gives the following definition:A' DW is a
subject-oriented, integrated, time-variant and naratile collection of data in support of managet'gdecision
making process The data offered by a DW are extracted from sasi sources, and then integrated, cleaned and
transformed in order to be used at the moment @ making [12][13]. One big challenge of thiadk of system
is to achieve the integration of multiple heterogmuns data sources.

DW are based on the multidimensional model [14]sThodel allows a better understanding of dataleads
to better performance in complex queries. In mutteghsional models data are presented in an n-diowaisspace,
generally known aslata cubeor hypercubewhere the axes are the dimensions of analysistla@gboints in the
space contains the indicators, called measuresh Eaerdinate of the cube is called a fact. The dsmns are
structured in hierarchies that give the criteria fdata aggregation, which is an essential operation
multidimensional analysis. Besides, the hierarchiescomposed by levels, and the instances ofal e called
members. For example, in the dimension Time theag be a hierarchy composed by levels date, moniduter,
year. ‘Q1’, ‘Q2’, 'Q3’, ‘Q4’ are members of the leiquarter. Fig. 1 shows an example of a data fl4je
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Figure 1: Three-dimensional cube of sales data, with theedisionsStore TimeandProduct and the measure
Amount

A DWS is an information system whose main comporisna DW, and whose general architecture is
composed by different components that make postil@avhole process from the data sources towarlia-
user. In [12] different architectures are presentad the two-tired architecture, shown in Fig.i2stated as the



most referenced one. It remarks the separationdsstihe sources and the DW, although it represeat®ur main
stages in the data flow:

e SourcesThey contain the raw material of a DWS and they e internal to the organization (operational
systems, e-documents, etc.) or external to it (sah, other organization’s data, etc.).

» Data staging ETL (Extraction, Transformation and Loading) peeses are used for loading the data
obtained from the sources into the DW. The datgirsggis a temporal storage for extracted data, eaech
all data integration and transformation processe®gecuted before data is loaded into the DW.

» Data WarehouseThe DW includes all corporate data, while a Diltart (DM) contains a data subset or
aggregated data from the DW and it is designed fepecific organization sector, i.e. for a speafialysis
domain. The metadata contains information about DW¥ data, such as sources information, access
procedures, users information, data provenance[l&t

» Analysis layer The OLAP server provides the needed support foltidimensional data organization and
multidimensional data manipulation, allowing thesention of multidimensional operations over data][1
There are a variety of possible client tools, whidlow the users to do interactive analysis, SL&iOBAP,
data mining, and specific analysis tasks.
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Figure 2: Two-tier architecture in Data Warehouse

As said before, the importance of considering thetext in DQ management is widely recognized. Havev
it is not possible to find in the literature a cmecand globally accepted definition for the coriagdpontext. In fact,
there are a lot of conceptualizations and defingitor it, whose approaches depend on the resdarohin where it
is applied. For example, in [16], the context idimk as the possibility of selecting data accagdia the user
environment, while in [5] the authors consider this context is a set of variables of interest thfitence the
actions of an agent. In [17] a set of definitioxéracted from the Web are analyzed. The authorsidenthat is
difficult to find a relevant definition that satie$ all disciplines and they mention that therestitefew ideas about
the relevant properties that should be considefgehwnodeling context.

3 Literature Review
The goal of this literature review is to find sdiin works where context is defined for DQ assesstrin DWS. In
order to achieve this, a main question is posed;wimotivates this research:

How contexts may be used for assessing DQ in DW?

Since this question is too specific and restrietsrhuch the search space, we consider the possitfilposing more
general questions that involve a wider set of workishout losing the research focus. Those questamd their
results are presented in the following.



3.1 Analysis of research questions
How DQ ismanaged in DWS?

DQ in DWS is a very much studied issue. Many wakes focused on solving DQ problems in the stagdabd
sources identification and selection, and in thé. ETage. However, the existing work shows thas ihot clear yet
which is the best stage for addressing DQ asse$sm#his kind of systems.

The work presented in [18] focuses on measuringebaility of data. It states that believabilitypmds on
the provenance of data, which refers to the souréd¢se DWS. In [19] the authors present DQ as @lehge in
DW design and implementation. They remark the inguare of quality and consistency checking in thia dhat
comes from the sources. In this work data consigténpresented as a separate concept from D@reliffly from
most works that present consistency as a partiasigect of DQ.

In [20] the authors address the quality procegsaasof the ETL tasks, presenting a proposal for é@@trol
and data cleaning. They propose rules for datasfmamation, which do the data cleaning, and a geleerator that
facilitates the inclusion of DQ processes into H_ tasks. In [21] they also focus on data clearimghe ETL
process, proposing a framework of configuratiomsulwhich has two inputs: a data profiling usedsflecting the
data sources to be cleaned, and user opinions abbeatly known data problems. In the same directlanauthors
of [22] state that the ETL data cleaning tasks &halentify the data problems and inconsistencies @erform the
necessary transformations for assuring a minimunf@@he data that will be loaded in the DW.

With respect to the data analysis stage, in [28]aththors claim that DQ is subjective from two peddives:
on one hand, DQ problems may be more or less mefel@pending on the decisions to be made by the ukr,
and on the other hand, data analysts may havequeyiersonal knowledge and opinions about the tguaflithe
received data. In [24] the authors emphasize ttheeince of the quality of data management in bissirietelligence
(BI) systems throughout the whole process formstwrces to the decision making stage. In [25] thpaict that
DQ has on decision making, organizations belieitgbdind customer satisfaction is remarked. Theysimar that
DQ problems in multidimensional repositories stiled to be correctly organized and addressed.

In summary, the importance of DQ in DWS has beedelyi shown in the existing literature, since many
researchers present the challenge of managing Digse systems. However, there is not consensug hbw this
task should be done. Most of the works have ontiregbed the problem of data cleaning in the ETg§estaynoring
the task of DQ assessment throughout the whole DiféS/cle (or DWS components). In addition, althugany
works have made efforts on identifying DQ dimensidor DWs, a consensual set of DQ dimensions hadeen
identified yet, questioning the possibility of defig a specific and unique set of DQ dimensions DWW
environments.

How Contexts are defined and used in DWS?

DWS are determined by the dimensions and meashegsdescribe the business. Based on this, somerauth
consider the context as the dimensions that allmvanalysis of the measures. In particular, in,[18 authors
present the DW facts as the numerical data neaxteshfisfying all calculation options that are mterest to the end
user, and they say that dimensional tables proevagext to these facts. Considering this concdm, stage of
requirements elicitation and conceptual analysith@nDWS design, has great influence on the contattwill be
given to the DW measures by the DW dimensions.

Some works focus on the stage of source identifinaiand selection [26][27][28][29], stating that
organizational data coming from traditional DW sms, i.e. operational data, can be more succegsixfloited if
they are combined with data external to the DW[28][29] the authors consider that the context édirked by
documents content. According to [28], the most camrmformation sources for users are the intrarietheir
organization, the web, and the emails. These wtisimed data are often related with the DW entitasl
relationships, constituting the context.

Meanwhile, in [30] the authors consider the contexthe ETL stage, grouping the users that shaegdsts in
this stage and contextualizing the ETL processraieg to the different points of views of the exgser

In the data analysis stage the use of contextsaseanphasized. In [29] they claim that the contbat allows
the understanding of the data stored in the DWsiglly present in separate documents, whose valoeticorrectly
exploited. These documents provide information altioe DW facts, describing their context. In [3jth another
approach for the concept of context, the authoopgese the use of rules for representing knowledge mean for
taking context into account during OLAP. In [28][2Be authors state that the OLAP tasks deterntieecbntext of
the decision making process, and this context mpased by all the information involved by theseksasThey
claim that contextual information must be takeroiatcount during DW exploitation. However, althowggveral
context-sensitive applications have been propdbede is not enough research in the integratioroafext to DWS
yet.



Finally, we also studied other works from which wktained relevant results, but we do not detaikher
[32][33][34][35][36][37][38][39][40][41][42][43].

How Contexts are considered in DQ assessment?

The concept ofitness for usés widely used in DQ literature. Several autharasider that this concept means that
DQ depends on the context where data are usedwdhes presented in [21][44][45][46][47][48] are leason or
remark this approach. In [48] they explain thatitifermation-consumers’ needs and the circumstaaoasnd the
use of the information should be taken into accoumf46] the authors mention that most of the txgsapproaches
depend on the context, however the contextual dsinaris barely represented in DQ frameworks.

The work in [49] shows that besides users may kifferent data requirements, their satisfactoryligiéevel
and the elements that define their context varymling to each-one’s perspective. In this case,cthext is
determined by the users’ requirements. Also in [B@ authors focus on users and their needs. $nctide, the
contextualized object are the queries made by userd the context for this object is determined @isers
information (geo-location, habits, interests andds), and queries data and processing quality.

In [51] the authors explore the contextual natdrthe information and they use the te@uantextreferring to a
group of users with a specific purpose in a spet#sk. They consider that information quality dddwe evaluated
taking the information construction process intoamt, not using a static measure. They propos®ngider the
states from data to knowledge, going through théemdint contexts. Additionally, in [48] DQ and infoation
quality are considered different. In particulan, the authors, information quality metrics are rsseeily context-
dependent while DQ metrics may be absolute.

The work in [47], like many works found in the ligdure, is based on the DQ dimensions classifioagiven
in [3], where DQ dimensions are classified intdriirsic (based on the degree to which data vald@ssato real
values), contextual (based on the degree to whath dre applicable to user’s task), representdt{tiaaed on the
degree to which data are presented in an inteligilnd clear way) and accessibility (based on #wrek to which
data are available). For example, accuracy andctiiy are objective dimensions since they areinisic to the
data and independent from the context where theyuaed. However, not all DQ dimensions can be tigdg
measured, since dimensions such as relevance #adabdity tend to vary according to the contexteve they are
used. In [47] the authors claim that due to theedepnce of DQ on the context, despite the wideud&ons about
DQ dimensions existing in the literature, it does exist a unified set of DQ dimensions.

Finally, we also studied other works from which whtained relevant results, but we do not detaikher
[52][53][54][55][56][57].

How contexts may be used for assessing DQ in DW?

Concerning the main question presented at the bewjrof this section, only a few works are foundhiet intend
to answer it.

In [45] a proposal where DQ is integrated to theol@tDW development process is presented. They orwenti
that a DQ dimension may involve objective inforroatiabout data and their transformation processthayt also
may be subjective, since different users may hafferent quality requirements. They also refer he toncept of
fitness for usefor describing DQ, highlighting the relativenessquality and the fact that certain data may be
suitable for certain use and not for another usgs Work shows the importance of considering cantakhough
they do not use this term, when evaluating DQ in.DW

In [44] the authors present a proposal for managfegdata cleaning process in the ETL stage. Tladiynel
DQ in DW as the degree to which data satisfy tleeific user needs, and as users’ interests vagy, state that DQ
needs to be adaptable. They implicitly consider wsmtext for evaluating DQ. For the authors of][58Q is
context-sensitive by nature and must be evaluatdtid context of the business domain where databeilused.
Additionally, they consider that DQ evaluation r@sd has still much to do, as a relevant set of fBxors for
decision support systems has not yet been ideshtiirel the context has not been considered for D§surement in
these systems. In these two works, the authorsiomettiat additional factors should be considerediégision
support systems, such as the role of the decisimkers, their preferences and interests, and thrarblges of the
decisions. The authors remark the importance af arsé decision contexts for evaluating DQ.

Finally, we also studied other works from which whtained relevant results, but we do not detaikher
[59][60][61][62].

3.2 Relevant Results

In this section we present other results that arsidered of interest to the general problem ofeteuation of DQ
taking into account the context in DWS.



In Table 1 we show a classification of articlesading to the definition of context that differeatithors
present in the literature. The table shows for whomwhat the context is defined and how this cantsx
determined. Hence, the colur@bject(contextualized objertorresponds to the conceptfof whomor for what
the context is defined. In the colun@ontext(contextualizing objegtwe show what defines the context and the
columnContext Componentiescribes how such context (or contextualizinga)jis composed.

Table 1: Contexts

Object Context Context Components Articles
Data cube (user view on
Aggregation multidimensional data), DWData cube mformeuorj, user preferences and [31]
measure and DWaggregation function information.
dimensions
Data's dimensional aspects, relations between
Data hierarchical categories, dimensional rules and [59]
constraints.
) Information of the environment, the user and the
) Environment task that will be performed. [46]
Data or Information Decision categories (i.e. credit, tactical, etc.),
Quality Decision making weight of DQ factor over the decision category [58]
and the user confidence for each DQ factor.
User requirements. [52]
Users
. . [47][51]
The purpose of users in a specific task. [53][63]
User and Re uestUser information (geo-location, habits, interests
specificities aueshind needs). Similar queries. Data and processing [50]
Queries P quality.
Users Features and user preferences. [32]
Source identification (sensor), identification bét
Environment entity for which the sensor picks up data, time in  [54]
which data is collected and data.
. Features (CPU, memory, energy, etc.) and sensor
Data gata quality,  Data andmeasures, user preferences, task information to be [55]
ensor
performed.
Quality . )
Requirements Constraints defined by rules. [56]
Multidim.
Recommen Users User profile and his preferences [60]

dation System
All data sources with similar structure (columns,

Data Sources Sources structure records, etc.). [57]
Documents Documents content. [29]
[19][27]
DW measure Bg}gg}
DW Dimensions Dimension data. [37]138]
[39][61]
s s aman s i sl meress
Task User User information. [40]

OLAP task information: document content,
Task document metadata (author, creation date, etc.), [41]
preferences and user profile.
. Kind of decisions and information needs of the
. . Environment [62]
Decision Making user.
User preferences and specifications (DW facts and
measures that have been selected).
Aspects of data/information (completeness,
accuracy, relevance, etc.)

Users [42]

Data quality [48]

User Documents Document content. [43]




We can see, In Table |, that there is a diversitgamponents for defining the contextualizing objéthis is
because the contextualizing object is not uniquek ibdepends on the contextualized object. For @k@nin [52]
the contextualized object is data quality, the emntalizing object is the user and it is determitgdthe user
requirements. On the other hand, in [50] the astltmmsider that the large amount of informationegated by
users and applications is often underused. Measawtiile information retrieved from the data sourisesften
irrelevant to the user needs. For this reasonptheessing of complex requests on such data soiga@estly and
does not guarantee the user satisfaction. Fohil] the authors propose to take into account trdext of the
gueries submitted to the different data sources.

The works presented in [54][55] are focused samsed contextsoncept that is used in ubiquitous (or
pervasive) computing environments. In this kin&ofironment, where data sources are sensors, takmgccount
the context is of great importance. Also in [57¢ #wthors focus on an environment of multiple sesyand they
consider that the same entity is stored redundamttijfferent data sources. Therefore, authorsidenghat entities
with the same structure represent the same erdity, such structure (or syntax, according to théasj,
determines the context of data sources. On the dtdued, in [60] the contextual information is intagd into a
multidimensional recommendation environment, taibed in OLAP systems.

Finally, an interesting approach, shared by varauthors, is the one presented in the works thfihal¢he
context of the DW measures as the correspondingdd¥énsions [19][27][33][34][35][36][37][38][39][61]DW
measures are data and therefore these articled bewgrouped with articles that consider data castélowever, it
is important to consider these works separatelabse they present a specific approach. Moreovég29hauthors
also focus on the DW measures context. Howevehigncase, the context is determined by the rekest@acuments
of the organization and its contents.

We extract from Table | the most important contekined objects for our work. In Table 2 these otgend

the quantity of analyzed articles that focus omtlare listed. On the other hand, in Table 3, iinteresting to
spotlight the used contextualizing objects. In #dse, we also show the most important objectthferesearch.

Table 2: Contextualized objects

Contextualized object Total
Data/information quality 8
Data 3
Data source 1
DW measure 11
ETL process 1
Task 1
Decision making 4
User 1
Others 4

It is interesting to note how objects that are eattalized in some cases, in other cases are daatzing
objects. An example of this is observed for théofeing objects:Users Quality of data/informatiorandData. We
can see that the majority of the articles analyzetnd to give context to the DW measures and the
Data/Information quality, while the DW dimensionsdaUsers are most frequently used by researchegivéo
context to different objects.

Table 3: Contextualizing objects

Contextualizing object Total
Environment 3
Data/information quality 2
Data 3
DW dimensions 11
Documents 2
Quality requirements 1

Task 1



Contextualizing object Total

User 6
Others 4

4 DQ Assessment in DW S based on Contexts

The conclusions posed by the authors of the andlp#diography are our starting point to developraposal that
defines a framework where data quality problems lbaridentified in Data Warehouse Systems. Besiids,
interesting to consider this framework as the bé&sisquality management. For this, we take intocard the
different components that are part of this kindsg$tems (shown in Fig. 2) and the different corstekait have
influence over them.

One of the purposes of this work is to define ceistepresent throughout all lifecycle of a DWS. Sée
contexts are of interest for the data quality assest, since they may affect it. Therefore, thisppsal is focused
on defining the different contexts that data gatigh, from the moment they are loaded in the DWI timy are
used by the end users. The view that data go thrdifferent contexts while being transported frdma sources to
the users is shared with the authors of [51]. @ndther hand, it is important to indicate that thierk does not
focus on data sources and ETL layers quality isssiege many researches have already addressed Hogm
example, the works in [19][21][27] focus on dataalify in DW sources, and the works in [21][44][6f8lcus on
quality, especially data cleaning, in ETL processegarticular, the works in [30][64] focus on thentexts of the
ETL processes and the data sources, respectively.

4.1 Context in DWS Components

In this section, we present and define the contottshe components of the DW layer (shown in Eljj. Each
component, with its respective context, is presknte Fig. 3. In the following we describe the elersethat
determine each one of these contexts.

e Context in the Data Warehouse (DW@@)is defined by data in the DW, and also docutsea-mails and
other data external to the DW that are relatedata dtored in it. The external data may be tabig®isonal
databases of different users within the organimatichich may be linked to the DW data. On the otieard,
documents and e-mails that are shared within tharozation also may contain information strongliated
to data stored in the DW.

e Context in the Data Mart (DMC)A Data Mart contains a subset of the data stareétie DW, which have
been transformed, and is directed to a specifityaisadomain (e.g. a section in the organizatibt®nce, for
us, the DMC is determined by a set of rules thacdee properties, constraints and quality requiets
specific to the corresponding analysis domain.

e Context in Use (CiU)The CiU is the context in the data presentatiomgonent, and is determined by data
that describe the end-user. These data may beagugal location, language, role, requirementdg@ié or
quality), etc. For example, the DQ requirementsiddae a minimum level of data accuracy or data
completeness.

Information regarding contexts could be storechinmetadata repository shown in Fig. 3. An exaropluch
information are the domain rules, which determhmedontext in the Data Mart component.

4.2 Data Quality according to Contexts

For the quality assessment in the DWS componeait®d into account the contexts presented abovig wbrk is
based on two quality approaches that are presdmtiedv. Fig. 4 shows where these approaches aréedpplthe
DWS.

e Crosby’'s Meeting Requirement®5]: This approach emphasizes the compliance viith system
requirements and it focuses on prevention rathan ttorrection, where the only way to achieve good
performance is having zero defects. The essenttesofipproach is that the requirements must be krenvd
they must be translated into measurable charatitsrisf the product/service. Therefore, the quatifya
product/service is equivalent to the satisfactioh tiee specification criteria by all the measurable
characteristics of such product/service [66]. Theelihg Requirements approach is applied to evallkite
quality in the Data Warehouse and Data Marts coraptsn



« Juran’s Fitness for Uspt]: This approach is focused on meeting the neédise user through the suitability
(of the product) for the intended use. The appraadled Fitness for Use is applied to assess daéity in
the data presentation layer.
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Figure 4: Two quality approaches in DWS to evaluate Dataliuaccording to the Context.

Therefore, from the quality approaches presentedegbwve define quality in components of the DWSslaswn in
Fig. 5.

* Quality in the Data Warehouse (DWQ) depends on the DWC, therefore the data quatigrics for the
Data Warehouse component are defined using thiexon

* Quality in the Data Mart (DMQ)It depends on the DMC, therefore the data quatigtrics for the Data
Mart component are defined using this context.

* Quality in Use (QiU) It depends on the CiU, therefore the data quatistrics for the data presentation
component are defined using this context.
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Figure5: Quality in DWS.

The concept of quality applied in the data predemaayer of the DWS coincides with the definitiar
quality in use of ISO/IEC 25010 [67]. This norm idef quality in useas the quality from the point of view of the
user. In addition, the standard defines a set afityufeatures, some of which are divided into slhlaracteristics.
An example of the quality feature is usability &hd set of sub-characteristics for it, accordingh® standard, are
effectiveness, efficiency and satisfaction. Howetleese are not the most interesting conceptshferésearch, but
the most relevant is that tlygiality in usemodel assesses the quality in a particular cortexte that depends on
the point of view of the user.

Although the ISO/IEC 25010 [67] focuses on a gyatitodel for Software, it can be adapted and appted
other areas. An example of this is the applicatibthis norm for the definition of a quality in useodel in Web
portals [68].

5DQ Metrics Proposed for a Case Study

In this section, we provide a case study that al@applying the concepts introduced before for defirthe DQ
metrics. The example used represents a supermehr&et that holds information about sales and pramstin a
DW. There are two domains of data analySialesandAdvertising in which different requirements are manifested.
These requirements originate the conceptual maigdisional design described in the following parplgra

In Fig. 6 and 7 the conceptual schema corresportditije example is presented. We use the CMDM model
[69] to represent the dimensions and the dimenkimtationships. Firstly, Fig. 6 shows the dimemsianvolved in
the case studyroduct Timeg BranchandPromotionwith their respective hierarchies. In CMDM eacheénsion is
represented as a box that includes hierarchieghvdre composed by levels connected by arrowsdpatsent a N
to 1 relationship. In Fig. 7 the dimensional relashipsSalesandDiscountsare presented. In CMDM dimensional
relationships represent the crossing between dimesnsand the involved measures (identified by aover that
originate the data cubes, i.e. a dimensional miahip represents all the data cubes that may itte Whose axes
are formed by one level of each dimension represkintthe relationship.
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Figure 6: Hierarchies with their levels for each dimension.

soldPromoAmount

Figure 7: Dimensional relationshipSalesandDiscounts

Considering the DW implementation in a relationafadbase, Figs. 8, 9, 10 and 11 show examples tahicss
of the dimension tableBroduct Time Branch and Promotion respectively. In each tuple of the dimensionédabl
Product (Fig. 8), the product identifier, its name, thenfly to which it belongs, the product type anddtgegory
are presented. In the dimension tabime (Fig. 9), each tuple contains the date, the manth the corresponding
year. In the dimension tabBranch (Fig. 10), each tuple contains the identifiertad branch, its name, its city, state
and country. Finally, we have the dimension ta®temotion (Fig. 11), where each tuple contains the promotion
identifier, its name, its city, state and counthg duration period of the promotion (starting @mdl dates) and the
discount promotion percentage.

prodid prodMame famMName | typeName | catMame
23 chocolateBar chocolate food premium
15 |chocolateslceCream | iceCream food premium
40 chocolateTruffles | chocolate food premium
56 toffee candies food premium

Figure 8. Dimension tabldProduct



day month year
03/01/2014 Ene-14 2014
05/04/2015 Abr-15 2015
06/04/2015 Abr-15 2015
07/04/2015 Abr-15 2015
08/04/2015 Abr-15 2015
10/11/2015 Nov-15 2015

Figure 9: Dimension tabl&ime

branchid| branchName cityMame |stateName | countryMame
25 Supermarket |Maldonado|Maldonado Uruguay
26 Super_Salto_26 Salto Salto Uruguay
28 Super_Florida_28| Florida Florida Uruguay
29 Florida_29 Florida Florida Uruguay
30 Florida_30 Florida Florida Uruguay
31 Super_Rocha_31 Rocha Rocha Uruguay

Figure 10: Dimension tabldranch

promold| promoName | promoCity | promoState |promoCountry| initDay endDay |percentage
pl |Children'sDay| Florida Florida Uruguay 01/01/2014 |03/01/2014 20%
p2 Father'sDay | Colonia Colonia Uruguay | 10/04/2015 |15/04/2015 50%

p3 Mother's Day | Maldonado | Maldonado Uruguay | 09/08/2015 |11/08/2015 10%

p56 | End of season salto Salto Uruguay 09/12/2015 |12/12/2015| 18,03%

Figure 11: Dimension tablé°>romotion

On the other hand, the fact tablgalesand Discountsare shown in Fig. 12 and Fig. 13, respectivelye Th
former has an identifier, the product identifidre tsale day, branch identifier and the sold amodéithe product.
The latter has an identifier, the promotion ideetifthe product identifier, the sale day, brambéntifier and the
sold amount of the promotion.

saleld | prodid day branchid |sale Amount
vl 23 03/01/2014 26 30
v2 15 03/01/2014 26 20
V3 40 03/01/2014 28 35
w50 56 05/04,/2015 28 35

Figure 12: Fact tableSales

disld | promold | prodid day branchid | soldPromoAmount
dl pl 15 03/01/2014 28 35

d2 p2 56 29/03/2015 31 5
d3 p3 40 05/08/2015 29 20

dao ps6 23 10/10/2015 26 10

Figure 13: Fact tableDiscounts



5.1 DQ in the DW

In this section we show how the different elemehéd give context to the DW component determinegfinality in
this component. In the following, two examples presented.

5.1.1 Example 1. ContexDocument of the organization

In this example, the context is determined by doenisithat belong to the organization. Table 4 shéavghe
quality dimensioraccuracyand its quality factosemantic accuragythe quality assessment of each tuple regarding
the attributecity, in the dimension tablBranch This attribute represents the city where eaclesuarket's branch
belongs. A document of the organization acts asferential for the assessment. It contains for eziththe
corresponding list of branches that belong to &t ®f the document corresponding to the superné&keeris
shown in Fig. 14.

Table 4: DQ Metricdwqg_Examplel

Component DW

DQ Dimension Accuracy

DQ Factor Semantic accuracit refers to accuracy of the data regarding the
real word.

DQ Metric Name:dwqg_Examplel
Contextualizing objecOrganization's document, which contains for
each city the corresponding list of branches tle#tirgs to the same.
Contextualized objecDimension tabl&ranch
Granularity: Tuple
Description Check each tuple in the dimension taBtanch.
For each branchi of the table, it considers its citxin the tuple.
Later, it searches the city in the referential document, such that
this is the city to whiclbi belongs effectively. Finally, ifx = cy
then the tuple is correct. Otherwise, it is an imect tuple for the
branchbi.
Result type{0,1}

¢ Florida city
— Id: 28, name: Super_Florida_28
— 1d: 29, name: Florida_29
— Id: 30, name: Florida_30
¢ Rocha city
— Id: 31, name: Super_Rocha_31
— Id: 32, name: Super_Rocha_32
* Salto city
— Id: 25, name: Supermarket
— Id: 26, name: Super_Salto_26
— Id: 27, name: Super_Salto_27

Figure 14: Structure of the document that contains the brastheach city.

For the quality assessment of the dimension tBbdéechwith regard to the attributeityName we verify that each
city stored in the dimension table, is the city véhthe considered branch effectively belongs. Kkanwle, in Fig.
10 it can be seen that:

e branch‘Super_Rocha_31this branch belongs to the city ‘Rocha’, accordinghe referential document of
the organization. The colunmityNamefor this branch says ‘Rocha’, hence this tupledsect.



» branch'Supermarket’ according to the referential document of the org@tion, this branch belongs to the
city ‘Salto’. However, the columrcityName for this branch, in the dimension tabEranch says
‘Maldonado’, hence this tuple is incorrect.

Once all tuples in the dimension talideanch have been evaluated, the values obtained fronD@emetric
dwq_Examplehre saved in the metadata repository. These matada later be used. For example, one of their
utilities could be the correction of the dimenstable Branch to have the correct city to which belongs each
branch.

5.1.2 Example 2. Context: DW dimensions

In this example, the context is determined by DWWietisions. In Fig. 15 we present the dimension sathiat
determine the context in this case. From dimentabie Branchwe consider the levalityName(this contains the
cities where the branches belong) and from dimerisiblePromotionwe consider the leveityName(this contains
the cities where the promotions are performed).

Table 5 shows, for the quality dimensiconsistencyand the quality factontra-relation integrity the quality
assessment of the fact talidéscountsregarding the city of the branch in which the potion was performed and
the city where the promotion was performed effadtivIn this case, the DQ metric verifies that tey of the
branch and the city of the promotion are the same.

Branch Promotion
Country percentage country
countryName percentage countryName
I period [
state mlgay state
stateName enday stateName
- I ‘
city .
ity Name city
ek cityName
! =
branch promotion
branchld promold
branchName promoName

Figure 15 Dimensions and levels that give context to the falsteDiscounts

Table5: DQ Metricdwqg_Example2

Component DW

DQ Dimension Consistency

DQ Factor Intra-relationship integritytt refers to how well integrity rules are
met.

DQ Metric Name:dwqg_Example2

Contextualizing objecDW dimensions

Contextualized objecFact tableDiscounts

Granularity: Tuple

Description Check each tuple in the fact tallescounts.

For each tuple in the fact tadéscounts it considers the promotion
identifier pi and the branch identifidri. Later, it takes of the
dimension tabléromotionthe corresponding citgp for pi and of
the dimension tablBranchthe corresponding citgb for bi. Finally,
if cp=cbthenitis a correct tuple. Otherwise, it is naarect
tuple.

Result type{0,1}




For example, we can see the following in Fig. 13:

e tuple dz this tuple has the promotiqi and the branch identifier ‘28’. The promotiph was created for the
city ‘Florida’ as is shown in the dimension talfleomotionin Fig 11, and the branch identifier ‘28’ belongs
to the ‘Florida’ city as is shown in the dimensitable Branch in Fig 10. The cities match, then the
information in this tuple is consistent. Therefdfres tupledl is correct.

» tuple d2 this tuple has the promoti@2 and the branch identifier ‘31’. The promotip® was created for the
city ‘Colonia’ as is shown in the dimension taBlemotionin Fig 11, and the branch identifier ‘31’ belongs
to the ‘Rocha’ city as is shown in the dimensiobléaBranchin Fig 10. The city of the promotion and the
branch city in which the promotion was performed nmatch, then the information in this tuple is not
consistent. Therefore, the tugl2 is incorrect.

As in the previous example, once all tuples inftw tableDiscountshave been evaluated, the values obtained
from the DQ metricdwqg_Examplezre saved in the metadata repository.

5.2DQ inthe DM

This section shows how analysis domain rules, wigiste context to each DM component, determine the
quality in this component. We present two exampieshich the domains considered &alesandAdvertising

5.2.1 Example 3. Domain; Sales. Context: DomaireR#ales

Table 6 shows, for the quality dimensiaccuracy and its quality factolsyntactic accuracythe quality
assessment of the dimension taBlanch with regard to the attributeranchName This attribute represents the
name of each branch. In this case, we consideBafessdomain in which there is a domain rule calR8aleghat
says the following: The name of each branch must contain the nameeo$upermarket, the name of the city to
which it belongs the branch and the number ofdemntifier, in that order. In this domain, this rule is necessary
because the data for the Data Mart must be integjraith other data that verify this rule.

Table 6: DQ Metricdmq_Example3

Component DM

Domain Sales

Domain Rule RSalesThe branch’s name structure musipltiep2-p3 whereplis
the supermarket’s namg? is the city's name to which it belongs
andp3is the branch’s identifier.

DQ Dimension Accuracy

DQ Factor Syntactic accuracit refers to the syntactic accuracy of the data.

DQ Metric Name:dmq_Example3
Contextualizing objecDomain ruleRSales
Contextualized objecDimension tabl&ranch
Granularity: Attribute
Description For each attributbranchName bin each tuple of the
dimension tabl@ranch the metric verifies thdii has the structure
pl-p2-p3wherepl must beSuper(Supermarket’'s name)2 must be
the value ircityName(of the dimension tablBranch andp3 the
value inbrancheld(of the dimension tablBranch. If the
branchNameattribute value verifieRSaleghe attribute is correct.
Otherwise, it is incorrect.
Result type{0,1}

For example, in Fig. 10 corresponding to the dinemtableBranch we can see the following:

» branch with id ‘29: the name of this branch is ‘Florida_29’, it istime ‘Florida’ city (as shown in the
column cityName) and the identifier of the branshtie number ‘29’, but the name of this branch duss
contain the name of the supermarl&iper Therefore, this tuple violates the riR&alesso it is an incorrect
tuple for the domaisales



e branch with id*31’: the name of this branch is ‘Super_Rocha_31’, thgeemarket’'s name iSuper this
branch belongs to the city ‘Rocha’ (as we can sabe column cityName) and the identifier of tharh is
the number ‘31’. The name of this branch contahesinformation required by the ruRSales Therefore,
this tuple is correct for the domaBales

Once all tuples in the dimension talideanch have been evaluated, the values obtained fronD@emetric
dmaqg_Exampledre saved in the metadata repository. These ntatada later be used.

5.2.2 Example 4. Domain: Advertising. Context: DonfRule RAdv

Table 7 shows, for the quality dimensiaccuracy and its quality factolsyntactic accuracythe quality
assessment of the dimension taBlanch with regard to the attributeranchName This attribute represents the
name of each branch. In this case, we consideAdvertisingdomain in which there is a domain rule calkRadv
that says the following:The name of each branch must contain the nameeo€ith to which it belongsIn this
domain, it is necessary to organize the promotimngities. Therefore, this rule is necessary fayaoizing the
marketing information.

Table 7: DQ Metricdmq_Example4

Component DM

Domain Advertising

Domain Rule RAdvThe name of each branch must contain the nartteedfity
to which it belongs.

DQ Dimension Accuracy

DQ Factor Syntactic accuracit refers to the syntactic accuracy of the data.

DQ Metric Name:dmq_Example4
Contextualizing objecDomain ruleRAdv
Contextualized objecDimension tabldranch
Granularity: Attribute
Description For each attributbranchName bin each tuple of the
dimension tabl®ranch the metric verifies thdii has the structure
pl-p2-p3wherep2 must be the value icityName(of the dimension
tableBranch, while p1 andp3 can have any value. If the
branchNameattribute value verifieRAdvthe attribute is correct.
Otherwise, it is incorrect.
Result type{0,1}

For example, in Fig. 10 corresponding to the dinemtableBranch we can see the following:

» branch with id ‘25: the name of this branch is ‘Supermarket’. The niyne to which belongs this branch
(‘Maldonado’, as is shown in the fielcityName is not in the name of the branch. Therefore, thjge
violates the domain rulRAdy it is incorrect for the domaiAdvertising

e branch with id ‘29':the name of this branch is ‘Florida_29’. The cigmme to which belongs this branch is
‘Florida’ (as is shown in the fieldityNam@. The name of this branch contains the informatequired by
the ruleRAdv Therefore, this tuple is correct for the domadvertising

It is important to highlight that tuples of the dinrsion tabléBranchthat are incorrect for the domasales(eg
branch with id ‘29"), are correct for the domaidvertising This is so because different rules were appleaissess
quality in two different domains. Therefore, we c@e that different contexts (determined by domalies), define
different quality values. Once all tuples in thendinsion tabldBranch have been evaluated, the values obtained
from the DQ metridmqg_Example4re saved in the metadata repository. These ntatada later be used.

5.3DQinUse

In this section we show how the different elemetist give context to the data presentation componen
determine the quality in this component. In théof@ing we present two examples that take into antasers from
different domainsSalesandAdvertising



5.3.1 Example 5. Domain: Sales. Context: User [@ofi

Table 8 presents the DQ metriu_Example5 for the quality dimensiotireshnessand its quality factor
currency this last one refers to how updated are the @itaregard to its source. The quality assessnmentdade
on the fact tabl&ales(Fig. 12) with regard to the measwa&esAmountThis DW measure represents the amount of
sales made for each product in each branch in addegrmined. In this case, we consider that thetédale Sales
has a columrtimestampthat indicates the last update of the value of measuresalesAmountThe quality
assessment is performed in two different contexith regard to a user sales general manager o$upermarket
chain and with regard to a user sales managerboarch. Therefore, for the quality assessmens, iteicessary to
consider the profile of each user according tadigirements:

e user y: since the user sales general manager of the sup@mhehain needs to do different statistics, he
requires that the last data update has been madeost, the day before that the data are usedthero
words, the data must be 24 hours old at most.

* user y: since the user sales manager of a branch needsdifferent comparative analysis in real time, he
requires that the last data update has been madegst, one hour before that the data are usedtHer
words, the data must be 1 hour old at most.

Table 8: DQ Metricqiu_Example5

Component Data presentation layer

User ul Role Sales general manager.
Quality requirement: Data must be 24 hours old @$tm
User u2 Role Sales manager of a branch.

Quality requirementData must be 1 hours old at most.

DQ Dimension Freshness

DQ Factor Currencylt refers to how updated are the data with regeuits
source.

DQ Metric Name:qgiu_Example5
Contextualizing objecUser profile.
Contextualized objecFact tableSales
Granularity: Table
Description It gets the latest update of the fact tebédes
tu is the corresponding value of the figlilshestampn the latest
update andp is the corresponding value at the present moment.
If tp —tu <= 24 hs. then it is a correct tuple for the user
Otherwise, it is not a correct tuple for the user u
If tp—tu<=1 hs. then it is a correct tuple for the usgrOtherwise,
it is not a correct tuple for the user u2.
Result type{0,1}

It is possible to see that the quality requirentdrthe usen2 is more demanding than the quality requirement
of the useul Therefore, data that are valid for the us2gare valid for the userl. However, data that are valid for
the usewl are not valid for the user2. In this case, although is a quality requiremehicv has influence over the
outcome of the DQ metrigiu_Examplebis the user profile who determines which of tiwe tequirements will be
taken into account. Thus, the user profile is whetetmines the outcome obtained from the DQ metric
giu_Example5so the user is who determines the context in kvthie quality assessment is performed.

5.3.2 Example 6. Domain: Advertising. Context: @yakquirement

Table 9 presents the DQ metigiu_Examplep for the quality dimensioraccuracyand its quality factor
syntactic accuracythis last one refers to the syntactic accuracthefdata. The quality assessment is made on the
dimension tableBranch (Fig. 10). In this case, the context is determida quality requirement. Such a
requirement is requested by the advertising mana@s user belongs to th&dvertisingdomain. The quality
requirement of the user says that the 100% of thrdhes must have the name written correctly.



For the quality assessment, the DQ mediic Example@equests the quality values obtained in the ei@tut
of the DQ metriqjiu_Example4Last one, applied in the DM component (see T@hle

Table 9: DQ Metricqiu_Example6

Component Data presentation layer
User Role: Advertising manager
Quality requirement100% of the branches must have the name
written correctly.
DQ Dimension Accuracy
DQ Factor Syntactic accuracit refers to the syntactic accuracy of the data.
DQ Metric Name:qiu_Example6
Contextualizing objecQuality requirement
Contextualized objecDimension tabldranch
Granularity: Table
Description This DQ metric asks the results obtained in DQrime
dmqg_Example4The dimension tablBranchis correct if all tuples
returned by DQ metridmq_Examplere correct. Otherwise, the
dimension tabl@ranchis incorrect.
Result type{0,1}

5.4 Case Study Summary

In this section, we present in the Table 10 a sumpmdth all the examples developed before. In tinst f
column the DWS component in which the quality assesit was performed appears. Following, the nurobtre
example is presented. Later the contextualized @rdextualizing objects are shown, and finally tneality
dimension and the quality factor assessed appear.

Table 10: Summary Case Study

Component Example Contextualized object  Contextualizing object Dimension/Factor

1 Dimension tabléranch Organization’s document  Accuracy/Semantic
DW . . . accuracy
2 Fact tableDiscounts DW dimensions Consistencylintra-
relationship integrity
3 Dimension tabléBranch Domain rule RSalesover  Accuracy/Syntactic
DM the name of the branches accuracy
4 Dimension tabléranch Domain rule RAdY over Accuracy/Syntactic
the name of the branches accuracy
Data 5 Fact tableSales User profile Freshness/Currency
presentation . . . . accuracy .
layer 6 Dimension tabléBranch Quiality requirement Accuracy/Syntactic
accuracy

6 Conclusions and Future Work

This work proposes to assess DQ in DWS taking thext into account. This context varies dependinghe
DWS component considered. Therefore DQ assessmasttbre defined for each component, i.e. DQ metriast
be defined based on the context of each compolretitis work, contexts and DQ are defined for thteeponents
of DWS: DW, DMs and data presentation layer.

For the definition of DQ at the different DWS conmemts, this work is supported by two quality apptess:
Meeting Requirements and Fitness for Use. The foimapplied for data quality assessment in two ponents,
DW and DM, emphasizing on compliance with the regmients. The latter is applied for data qualityeasment in
the data presentation layer, emphasizing on me#imgser needs.

In addition, this work presents a literature revidnaat is built over the research questidow contexts may be
used for assessing DQ in DW®hich is split into other three research questiohhe result of the review is
commented organized by the posed questions, andelsesome specific results regarding the diffeeggiroaches



of contexts are presented. As shown in this pahere is no consensus in the literature regardirgrianagement
of the context for the data quality assessmentWfD

To show how contexts are used in quality assessmenpropose a case study in which DWS componeats a
considered and DQ metrics are defined for them.eOtle component to be studied is selected, theitgual
dimension and quality factor to be assessed arsechd hen, the context and the context-based guaétric are
defined. Different contexts may determine differguality values for the same metric.

While DQ assessment in DWS is not a new problentesihere is a lot of literature that investigated raises
the need for managing DQ in this type of systenesproposals are found with the approach presenyethib
research. This first proposal defines a framewohlene DQ problems are placed in DWS and servesbasia for
the integral quality management (assessment, ingpnewnt, maintenance, etc.). Therefore, this resesrdhe
starting point for new research addressing newlemhgés.

The immediate challenge, around the proposal ptedeabove, is to define a formal model of the systef
the contexts and quality defined for the DWS congmas. This will allow detailed and deep specificatof the
proposed solution. On the other hand, it is intérgsto analyse the relationship between DQ andityua use,
addressed by the Meeting Requirements and Fitoesssk approaches, respectively.
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