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Abstract: Presently, we are well aware that poor qualitiads costing large amounts of money to corporatialh
over the world. Nevertheless, little research reenbdone about the way Organizations are dealitigdsita quality
management and the strategies they are using.

This work aims to find some answers to the follgyviquestionswhich business drivers motivate the organizations
to engage in a data quality management initiative®y do they implement data quality managememtdwhich
objectives have been achieved, so far?

Due to the kind of research questions involvedeeision was made to adopt the use of multiple eapboy case
studies as research strategy [32]. The case studiesdeveloped in a telecommunications companyT@gcom),

a public bank (PublicBank) and in the central bé@é&ntralBank) of one European Union Country.

The results show that the main drivers to dataityudDQ) initiatives were the reduction in non git)alcosts, risk
management, mergers, and the improvement of theaoys image among its customers, those aspeatg liei
line with literature [7, 8, 20]. The commercial porations (MyTelecom and PublicBank) began their pr@jects
with customer data, this being in accordance witérdture [18], while CentralBank, which mainly wWerwith
analytical systems, began with data source metadfateacterization and reuse. None of the organiaatuses a
formal DQ methodology, but they are using tools data profiling, standardization and cleaning. Riank and
CentralBank are working towards a Corporate Datecypaligned with their Business Policy, whichrist the case
of MyTelecom. The findings enabled us to preparfirss draft of a “Data Governance strategic impgaod”,
adapted from Nolan& MacFarlan IT Governance stiatémpact grid [17], this framework needing further
empirical support.
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INTRODUCTION

Data quality managemefDQM) is an issue of growing importance for the@@emic and professional
communities. Today, there is a great concern ferghality of corporate data, as data of poor qualit
means inaccurate information, which in turn meaastimg resources and harming the organization, in
particular the regulatory compliance and the refeghips with its customers. Just to get an idegaoof
data quality costs, The Data Warehousing Instif2if¢ estimated that current data quality problemst c
U.S. businesses more than USD 600 billion a year.

English [7] classified the costs of poor data gyatito three categories:

— Process failure costavhich occur when processes do not perform prgphre to poor quality
data, such as costs associated with misdeliverethaeliverable mail due to inaccurate mailing
addresses;

— Information scrap and reworlsuch as costs associated with resending mailtbrserapping of
defective data and their rework to achieve therddgjuality levels;

— Opportunity costsdue to the lost and missed revenues. For exampéeto the low accuracy in
customers’ addresses associated with “loyalty ¢aedpercentage of those card owners are not
reached in advertising campaigns, resulting in lowevenues. Another example can be a
customer loss due to incorrect billing.

According to [18]business networking, customer management, deasaking/business intelligence
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and regulatory compliancare some of the main areas in which corporate glaadty management plays
an important role.

One of the most widespread definitions d@ata quality(DQ) comes from Juran [13], for whouata are

of high quality if they are fit for their intendegses in operations, decision making and planniigce
this definition is very high level, and requiresther operationalization, we will return to thishgect
later on.

Hoffer et al. [10, p. 601, 604] defirdata as “stored representations of objects and evéats ave
meaning and importance in the user’'s environmemd'iaformationas “data that have been processed in
such a way as to increase the knowledge of theopexfio uses the data”. According to Drucker [6, p.
251], knowledgeis “information that changes something or somebeaityer by becoming grounds for
actions, or by making an individual (or an insiiba) capable of different or more effective actipahd,
hence, data quality is ultimately intend@dincrease the productivity of the knowledge wor® as to
createvalue for businesas well as to assudata risk management and compliarjté, p. 8]. The term
knowledge worker was first coined by Peter Drudket959, and it must be pointed out that literature
presents currently multiple definitions, althoudtey usually only differ in small details. Sveiby2]2
considers knowledge workers as those who are higidyified and highly educated professionals, and
their work consists largely in converting infornzatito knowledge, using their own competenciesHer t
most part, sometimes with the assistance of sugpleg information or specialized knowledge.
According to Drucker [5, p. 169], “the most valualalsset of a twenty-first-century institution, wiest
business or non-business, will be its knowledgekexs and their productivity”, and although the
knowledge worker’s productivity depends on multifdetors, one is certainly related to the quality o
data and information available.

Although data and information mean slightly differ¢hings, for reasons of simplicity, and in linétw
other research approaches to data quality, weusd| in the context of this paper, data and inftiona
interchangeably.

Generally speaking, DQM can be defined as thgality-oriented management of data as an d4S€,

p. 4:4], that is, the “the application of total ¢itya management (TQM) concepts and practices to
improve data and information quality, includingtseg data quality policies and guidelines, datalityia
measurement (including data quality auditing andifezation), data quality analysis, data cleansamgl
correction, data quality process improvement, aath djuality education” (The Data Management
Association [26, p. 43]). To be effective, datalgyananagement must go beyond the activitief»ahg
non-quality data, topreventing data quality problemsy managing data over its lifecycle to meet the
information needs of their stakeholders. MoreoveQM requiresbreaking down the stovepipes
separating data across business unitscaedting collaboration between business and IT fions, in
order to address both organizational and techrpeaspectives, requiring a profouwdlitural change
demandingleadership authority, control and allocation of resourceswhich means governance,
specificallydata governancéDG). Although DG does not equal DQM, either widgard to who makes
the decisions, or to their scopeG being the responsibility of the board of direst@and executive
managemenand more focused on corporate environment antegicadirections, including other areas
beyond DQM, like Data Security and Privacy and infation Life-Cycle Management [11], with data
governance, organizations are able to implementparate-wide accountabilities for DQM,
encompassing professionals from both businessTandits [31].

Due to the type of our research questions, whiehvanich business drivers motivate the organizations
to engage in a data quality management initiatim@@how do they implement DQM®e have adopted
the use of multiple exploratory case studies asioilial research strategy [32], the goal being to
understand, in its context, why some organizatiemge decided to embark in a data quality management
initiative, how they did that anevhich objectives have been achieved far. Empirical evidence
collected is expected to help to identifying thgits to be covered in a subsequent research project



The paper is organized as follows: in this secti@nintroduce the research problem; in the backgtoun
section we present the main data qualty manageratated concepts and roles/responsibilities, a$ wel
as the data quality concept, together with a mefrview of the methodologies used by organizations
assess and improve the quality of their data, dkagethe data quality and data governance maturity
models. In the data collection, results and didoussection we present the research process, dasvel
the results and we discuss the findings. In thedastion we present the conclusions, the limitetiof

the work and some guidelines for future research.

BACKGROUND

This section contains an introduction to the fundatals underlying the work, in particular the main
concepts related to data qualty management, tleeqietliity concept and its most important dimensions
as well as some notions concerning data quality agament maturity models and data quality
methodologies.

Data Quality Management Approach

Data quality management (DQMs “the application of total quality managemehQM) concepts and
practices to improve data and information qualitgluding setting data quality policies and guides,
data quality measurement (including data qualitglittng and certification), data quality analysistal
cleansing and correction, data quality processawgmment, and data quality education” [26, p. 43].
Moreover, by adapting to data quality the vocabufaesented in ISO [12], we can define DQM as as a
set of coordinated activities aimed to direct aadtrol an organization with regard to data quality

Table 1 presents a set of concepts and roles/redpldres related to the management of data,
considered as a corporate asset, collected frodeada or professional sources.

Concept or Role/

Responsibility Definition

Redman [20, p. 290], defines Data Policy as “aegtant that delineate
management responsibility for data and activitiest touch and/or impag
data and information”.

According to the same author, Data Policy can caer following

interrelated categories [20, p. 40-41]:

Data Policy (DP) — Data Quality in its broadest sense;

— Data assets inventory;

— Data sharing and availalibity;

— Data architecture;

— Data security, privacy and appropriate use;

— Data planning.

— DG “specifies the framework for decision rights aatountabilities to
encourage desirable behaviour in the use of datqrdmote desirable
behaviour, data governance develops and implenwamsorate-wide
data policies, guidelines, and standards that arsistent with the
organization’s mission, strategy, values, norms] aalture” [30, p.

Data Governance (DG) 4:6].

— DG is “the exercise of authority, control and sldadecision-making
(planning, monitoring and enforcement) over the agement of data
assets. Data Governance is high-level planningcamirol over data
management and coordinates the collaboration betW&eand the
enterprise” [25, p. 38].
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Concept or Role/
Responsibility

Definition

— DG is the “formal orchestration gfeople processesandtechnology
to enable an organization keverage data as aanterprise asseR4,

p. 1].

Data Owner (DO)

DO is the entity (usually a business unit) havirgsponsibility and
authority for a specific dataset.

Data Quality Methodology
(DQm)

— A DQm is “a set of guidelines and techniques th&drting from input
information describing a given application contedefines a rational
process to assess and improve the quality of gatap. 16:2].

— A DQm is made of phases and activities and usdmigges (DQT)
and tools (DQt) to accomplish its work.

Data Quality Techniques
(DQT)

DQTs can belataandprocess driveifl]:

— The data driven DQTs correspond to algorithms, heuristics,
knowledge-based and learning processes that pravidelution for
specific DQ problems, like record linkage (eg fimgliand merging
duplicates, i.e. different records that repregbet same real world
entity), standardization techniques (comparing dath lookup tables
and updating it accordingly) or data and schemeghattion;

— Process drivertechniques are used to describe, analyze andineeng
the information production processes [1].

Data Quality Tools (DQt)

DQt are software products that implement specifigTB to address the
core functional requirements of the data qualitycifiline, in particular
profiling, parsing and standardization, generalizeléansing”, matching
monitoring and enrichment. Adapted from [9].

Data
(DQA)

Quality  Assurance

Data Quality Assurance (DQA) is the part of dataliys management
focused on providing confidence that quality regoients will be fulfilled
(adapted from 1SO [12] to DQM).

Data Quality Control (DQC)

Data Quality Control (DQC) is the part of data dyaimanagemen
focused on fulfilling quality requirements (adaptédm 1SO [12] to

DQM).

Master Data (MD)

— Master Data is “the consistent and uniform set déntifiers and
extended attributes that describe the core entitiethe organization
and are used across multiple business processesgmftes are
Customers and Employees [19, p. 3].

— Master Data can be defined as the data that has bleansed
rationalized, and integrated into an enterpriseewslystem of record’
for core business activities [2].

Master Data Management
(MDM)

— MDM is “a technology-enabled discipline in which dimess and IT]
work together to ensure the uniformity, accuraeynantic consistency
and accountability of the organization’s offici@hared master data
assets” [19, p.3].

— MDM is the framework of processes and technologiémed at
creating and mainting an authoritative, reliablgstainable, accurate
and secure data environment that represents désiegsion of truth”,
constituting itelf as an accepted system of reemed both intra and
inter-enterprise across a diverse set of applicasigstems, lines of
business, and user communities [2].

— MDM is designed around the concept of a (virtuapbysical) central
repository to store and manage master data andeamplemented
according to various architectural styles.




According to DAMA [26, p. 45], DS is a businessdea and/or subject

matter expert designated as accountable for:

— The identification of operational and business liigence data
requirements within an assigned subject area;

— The quality of data names, business definitions dathain values

Data Steward (DS) within an assigned subject area;

— Compliance with regulatory requirements and canforce to interna
data policies and data standards;

— Application of appropriate security controls;

— Analysis and improving of data quality;

— ldentification and solution of data related issues.

According to [23, p. 338], DQC “are managers whaivaty and

vigorously promote their personal vision for usidgta quality relatec

technology innovations”. They push projects ovelprapal, provide

political support, keep participants informed, afidcate resources to data

quality projects.

Table 1 — Concepts and Roles/ ResponsibilitiesiferData Governance and DQM Approach

Data Quality Champion
(DQC)

The Data Quality Concept
As stated beforejata are of high quality if they are fit for thdimtended uses in operations, decision
making and planning13]. Although widely accepted, this broad defimit needs in depth specification,
with data quality being presented in the literatase a multidimensional concept [28, 29, 20] and
operationalized through its dimensions, which atadharacteristics that are valued by data consime
like accuracy, timeliness, interpretability, contpleess, relevancy, etc.
Three main approaches to the identification anthdifn of universal (domain independent) dimension
available in literature are as follows:

a) Theoretical [28];

b) Empirical [29] ;

c) Intuitive [20].

These approaches refer to both the data in exiensgo, their values [28, 29, 20, 7] and in inienti.e.,
their models or database schemas [7, 20]. More@me authors [29, 20, 7] also consider data
presentation dimensions and data security and sibdég dimensions [29]. With regard to dimensions
of data models, both the professional and the releliterature only consider intra-data model
dimensions (those related to the schema of a spelcifabase).

Corporate data quality demands an holistic view thre data asset and brings new challenges that hav
not hitherto been provided by the various approsdbedata quality. In line with [21], we stressttha
corporate data quality also depends on inter-daidefs issues or, put otherwise, on corporate data
architecture, which requires considering the int&ta model quality dimensions, as they will endhee
corporate data model integration and consistensyprasented in Fig. 1. For example, although the
Billing Subsystem may have adequate customer dadiityy CRM and ERP may not, if only in depth
data quality is being considered.
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Fig. 1 - Corporate Data Quality, adapted from [21]

The corporate data model integration and consigterapresented by inter-data model dimensions is
largely valued by data consumers, and should thieally support the much publicized practitioners’
concept of Master Data Management (MDM).

Moreover, the interpretability dimension [20, 28}huires the availability of metadata related tortiost
critical data elements.

In short, we postulate a broad concept of dataityuat line with its definition [13], which goesgyond

the strict concept of data values quality (accaydio relevant dimensions), also including data
architecture integration, metadata managementradrganization environment, like data qualityesol
and responsibilities. In accordance with [11], weclede from this broad concept, due to their
specificity, thelnformation Life-Cycle Managemeahd thenformation Security and Privadgsues.

Methodologies for Data Quality Assessment and | mprovement

According to [1], data quality methodologies (DQapply two types of strategies in their improvement
activities: data-driven and process-driven, althoagme of them adopt mixed ones. Roughly speaking,
data-driven strategies improve the quality of dayadirectly modifying their value, whereas process-
driven strategies improve quality by redesigning plnocesses that create or modify data.

Although the various methodologies use differentategjies, phases, activities and data quality
dimensions, they ordinarily have two main commorag@s: assessment and improvement. In the
assessment phase, a diagnosis of data qualityy &enrelevant quality dimensions, is performedgsi
adequate data quality tools (DQt). Improvement ilgaimvolves: a) identifying the causes for errdo$;
correcting errors using appropriate DQt and c) segeng the processes that create or modify data in
order to improve their quality. Batini et al. [1}gsent and compare some of the most widespread
methodologies.

Data Quality and Data Governance Maturity Models

Although Data Governance does not equal Corporata Quality Management, it has been pointed out
in the introduction section, that the two conceptsclosely related.

There has been limited research about the instrisnierassess the progress and performance of DQM
initiates, usually named data quality managementiritg model$ (DQMM), the exception being, to our
best knowledge, the models developed in [4] andl [21

L n line with the Capability Maturity Model Integiah (CMMI) from Software Engineering Institute



From the consultants’ viewpoint, there is the DQMWdmM [7], and several Data Governance Maturity
Models (DGMM), like IBM Data Governance Council Maty Model [11] and Gartner Enterprise
Information Management Maturity Model [16].

The DQ maturity level (DQML) of the case studiedl we, although superficially, assessed using [7],
[11] and [16] levels characterization.

DATA COLLECTION , RESULTS AND DISCUSSION
Considering the exploratory nature of this reseastidy, as well the very nature of the research
guestions and the holistic nature of data qualignagement, the case study research method has been
chosen to carry out the study.
Three cases have been chosen, in order to repicateross-case the findings. Each individual iase
holistic one [32], its unit of analysis being or@moration.
The organizations have been selected under ttenfioly conditions:

— Having an ongoing Data Quality Initiative;

— Operating in markets with different needs for dégk management and compliance, and

different levels of value creation through dateetss

All the three organizations have headquarters énsime European Union Country (EUC), and will be
henceforth designated by fictitious names. MyTetecmperates in the fixed and mobile
telecommunications market, PublicBank operates Ipnastthe financial market and CentralBank is the
Central Bank of that country.

Data Collection
The research questions beindpich business drivers motivate the organizatiomengage in a data
quality management initiative’how do they implement DQM?(sponsorship, scope,srgbeojects,
operations, methodologies, techniques and toolgnd)sidewardwhich objectives have been achieved
so far?, the followed propositions have been stg@2dp. 26]:
1 The main business drivers to DQM are cost contisk management and revenue optimization [8];
2 The main candidate areas for DQM are business ndiwg, customer management, decision-
making/business intelligence and regulatory conmue[18];
3 DQM activities are mainly sponsored by IS/IT exp@st
4  The organizational positioning of DQ Teams is dikecelated to the Organizations' DQ maturity
level (DQML).Adapted from[7]:
4.1 In Organizations with low to medium DQML, DQ Teamsort to the Applications Development
Unit of the IS/IT;
4.2 In high DQML Organizations, DQ Teams report to @i® or even to the Board of Directors
5 The level of Organizations’ commitment to DQM dejzenn the Industry they operate within,
represented by the mode they are in“DG strategigaot grid’ presented in Fig. 3 and adapted from
[17].

In order to organize the data collection, we pregaa draft of the relationships between main data
quality concepts and data quality roles and redpomies, using a class diagram [3].
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Fig. 2 - Draft of Relationships between main Contsegmd Roles/ Responsibilities in Data Quality Mgaraent

Proposition 5 has been drawn according to theviafig criteria:

1. Some recent works [30, 14] have drawn parallelidm$ween IT Governance and Data
Governance, although the reasons for that deciseye not explained,

2. Although IT Governance (ITG) is different from Da&overnance (DG), they have in common
the most important component of ITG, whichdata (and information)In fact, hardware,
software and communications are increasingly conitized, and can only be considered as
vehicles to store and manage what is really impartthe data assétsTherefore, the most
important assets that ITG is supposed to govedaia (and information), as well as people and
processes.

2 See “Letters to The Editor” concerning Nolan & Mekan paper in Harvard Business Review, 84 (2)1pp-157.
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This grid is a contingency approach to data govereaand has two dimensions, which we borrowed
from the DG outcomes presented in [11, p. 8-10feRace [11, p. 10] defineslue creation as “the
process by which data assets are qualified andtifjednto enable the business to maximize the value
created by data assets”, that depending on hova “oénsive” is the Industry the business operates
within. Data risk management and compliancas defined as “the methodology by which risks are
identified, qualified, quantified, avoided, acceptenitigated or transferred out” [11, p. 10], which
requires data with superior quality. The horizowliahension represents the strategic impact levelatd
assets on business performance and the verticathenaeed for “reliable” data. Organizations in the
support mode “have both a relatively low need for quality datad a low value creation level by data
assets. Ifactory mode, organizations need highly quality data for riskigation and compliance, but
that data do not really create much value for essrperformance, whereasnaround mode usually
involves the strategic transformation of a busimasslel supported by new data and does not nedlg real
highly reliable data. Once the change is made,mizgtions “move to either factory mode or strategic
mode” [17, p. 101]. Irstrategic mode,organizations need high quality data and can erbath value
from that data.

MyTelecom
The Enterprise product and services catalog cansismobile communications services (mobile and
Internet), pre-paid, post-paid and fixed (telephafigital television and Internet), which are paesd by
optical fiber structure or ADSL (Asymmetric Digit@ubscriber Line). The company belongs to a
national business group, with interests in multgdetors all around the world.
Its mission stands out:
"... Whose ambition is to be the best communicat®ervices provider in this country ..."
— "... Striving to consistently create products, sgs and innovative solutions that fully meet the
needs of its markets and generate superior econahie."



MyTelecom has about 1200 employees and had, in,29@3rnover of around Eur. 870 million and a
consolidated result of about Eur. 5,250 million.

Data collection was done through two semi-structunéerviews (which were recorded and transcribed)
to the Quality Management Systems (QMS) Coordindipithe observation of data governance reports
(their content being analyzed below), followed byad exchanges to clarify some aspects and by

analysis of its web site.
The evidences observed in MyTelecom are summaniz&dble 2.

Perspectives Empirical Evidences
Degree of Market ]
Competitiveness Very High.
Degree of Market | .
Regulation High.

Which Value does
your Executive
Leadership assign
to Data?

An application resource that has some intrinsiceal

Data Policy (DP)

Does not exist

The main driver was a decrease in Post Office cesised with the Business Process

Drivers - ; . i .
of Billing. A second driver was to improve the coamg image among its customers.
Beginnin The DQ project was launched in November 2007, awhb to be focused on the
9 9 name, address and zip code of the customers’ attisb
. The main project sponsor is CIO, although they‘aening” business sponsors at th
Sponsorship

directors and managers levels.

Scope of the DQ
Initiative

Operational System
— Customer Data supporting the Business ProcesdlofgBi

DQ Management is part of the Quality Managementedys (QMS) Team, that

II\D/IZtr?anrihet%t belongs to the Quality Technical and Business médion Systems Unit, which is one

Teamg of the three Application Development Units of ti#IT Department, and consists of
about three people.
DQ Assurance and Control of Customer Data supppttia Business Process of
Billing

DQ Projects — Cleaning of the attributes with the greatest immarcbusiness;

— Standardization of Addresses and Postal Codes;
— Impact analysis of poor data quality attributesbasiness.

DQ Operations

On Customer Data supporting the Business ProceBiliof.

— Strong data validations have been implementedwhibitgreat usability, like giving
suggestions (best matching);

— A centralized rules management has been implementadh allows reusing
standard validation rules by the various applicatio

DQ Most
Important
Dimensions

Accuracy, Completeness, Relevancy

DQ
Methodologies

(DQm)

No formal DQ methodology has been adopted, so #thad used is entirely empirica
and based on intuition and "common sense".

DQ Techniques
(DQT)

— Data Driven techniques used are embedded in the tool adoptedyticular
record deduplication and standardization;
— Process Drivenenforcement of data entry validations.

DQ Tools (DQt)

Trillium — Discovery, Quality and Insight

1%
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Data Stewards
(DS)

As Data Stewards have not been appointed thet Requirements Analysis Team
have become “quality negotiators” between the weristakeholders;

Indeed, in the life cycle of the development prtgestrong requirements should be

demanded to validate the input and, at the lirh@ytmay “even find a stakeholde
who is aggrieved by another stakeholder ‘s decision

5

Data Owners
(DO)

Do

not exist.

Master Data
Management
(MDM)

Do not exist. They find it very difficult to impleemt policies and architectural
options, such as DMS and MDM, in a very competitivadustry, in which projects
have very short time to market;

A reconciliation process runs daily between thdiigjls Costumer Data and the
Customer Relationship Management (CRM).

Communication
Strategy

Every other weekjata governance reportsvhich present some information on t

evolution of quality indicators (IQ), are sent byail, in newsletter format, to IS/IT

professionals and business sponsors. The 1Q afitiéty & currently calculated as
the average of the 1Q of its attributes, with naghie Tag clouds are used to sho
the attributes that contribute positively to thelify indicator (1Q) and the ones
contributing negatively. The newsletter also pregisghews, such as "this issue ou
there": technical and management articles andltbégve that this newsletter has
been fairly helpful;

They organizelata governance awareness sessiamsvhich they show the result
of what they are doing, currently by role typesceducers, custodians and
customers;

Users ardgrained whenever necessary: a training session is orgauiizea new
employees’ group or when there are new versionsfiignt changes in
applications that will impact the way data is eaterThese training sessions are
important to "educate" people on the data entrggss.

Achievements

Until now, 51% of all customer records have beememied (1.672.244 as in May 25th,

2010).
Benefits They have not been calculated.
Only the costs associated with tools (acquisitiod maintenance) and with external
Costs data quality consultants have been calculated,wliiéere amounted to approximately
Eur. 570 thousand, between 2008 and 2010.
— The tasks of data profiling, cleaning, standardi@a&nd enrichment are due to
proceed, as well as the identification and modiiftcaof processes that induce da
Future quality problems;
Perspectives — Data Stewards are expected to be appointed indk#8ss Units;

Their biggest challenge is to create an environroentlucive to the acceptance @

=

a Data Policy and Master Data Management.

Table 2 — MyTelecom’s Data Quality Management Enaes

PublicBank

PublicBank is a market leader state-owned finargniaiip, holding interests in the commercial banking
asset management, specialized credit, investmerkirigaand venture capital, insurance, healthcaa, r
estate, etc., and having operations in Europeam;akf, American and Asian countries.
Its mission stands for:
P Consolidating its position as a structuring Grofighe European Union Country (EUC) financial

system, distinguished by strong relevance and respitity in contributing to:

— Economic development;

— The strengthening of competitiveness, innovatiod sxternationalization of the European

Country companies;
— The stability and soundness of the national finalngystem.
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P As a market leader, finding a balanced developrbetween profitability, growth and financial
strength, always within a prudent risk management.

PublicBank has about 10600 employees and had,da,20turnover of around Eur. 3.000 million and a
consolidated result of about Eur. 279 million.

Data collection was done through one structureshvwew (which was recorded and transcribed) with th
Architecture Unit Coordinator, the Coordinator amabther member of the Data Management Group,
which belongs to the Architecture Unit, one membéithe Costumers’ Development Team and the
Coordinator of the Data Warehouse Team, followeckimail exchanges to clarify some aspects and by
analysis of the financial group web site. All theerviewees belong to the IS/IT Unit and the Data
Management Group consists of five people.

Evidences collected from PublicBank are summarizethble 3.

Perspectives Empirical Evidences
Degree of Market | .
Competitiveness gn.
Degree of Market .
Regulation Very High.

Which Value does
your Executive
Leadership assign
to Data?

A Critical Business Asset.

Data Policy (DP) | PublicBank is moving towards a DP.

— The business drivers to DQ were the decrease in@ftise costs, the
improvement of the company’s image among its custsrand the merger with

Drivers another bank;

— More recently data quality had an increased impeogalue to the need for
Regulatory Compliance, in particular with Basehihd CobiT.

— Approximately in 1993-1994 began the process ddtang standards for defining
data elements, glossary and centralized metadaiagament;

— The data models analysis began later, around 1998;

— PublicBank acquired the Metadata Repository in 1298 the Data Modeling
Support Tool (ERwin Data Modeler) in 2000;

— The first project concerning data values qualitgdrein 2004-2005, its target
being the Customer Database;

— Last year (2009) the Data Management Team (DMMhjchvhas been in charge @
corporate metadata definitions and data modelstguiaunched a cross-cut
initiative concerning the data values quality.

Beginning

—

— The sponsor of the Customer Data Quality Projettteasowner of the Customer
Master Data and the sponsor of DW is its owner;

— The Cross-cut Data Quality Initiatives are sponddrg one member of the Board
of Directors of the Group’s IS/IT Enterprise.

Sponsorship

Operational and Analytical Systems:

— Customer Master Data;

Scope of the DQ | — Data Warehouse;

Initiative — Corporate Metadata;

— Data Models quality assurance;

— Data Values quality assurance and control.

Although there is a Cross-cut Data Management Ti@aspecialists) with DQ

responsibility, DQ assurance and control is alstopmed by:

— The Customer Team, dedicated to the Customer Daadit®)(2-3 people from the
Business Unit and 1-2 from the Applications Devehept Department of 1S/IT);

Data Quality
Management
Team
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— Data Warehouse users and IS/IT DW Team.
The Data Management Team belongs to the Architedtimit which, in turn, depends
directly on one member of the Board of Directorshaf Group’s IS/IT Enterprise.

DQ Services

— Corporate Business and Technical Metadata Managemed Data Models and
Data Values Quality Assurance and Control.

DQ Operations

— Customer Master Data Quality Assurance and Control;

— DW information testing and error detection by isers. These errors are always
analyzed and their origin identified and, if comingm an Operational System, th
team in charge is always informed of them.

0]

DQ Most Accuracy, Timeliness, Completeness and Securitylétier dimension being managed
Important o .
: . by a Specific IS/IT Unit).
Dimensions
DQ

Methodologies
(DQm)

No formal DQ methodology has been adopted, alth@aga Management Team
members have been inspired by TIQM [7].

DQ Techniques
(DQT)

k Data Driven:
— Metadata Definition;
—  Data modelling;
— Techniques embedded in the used tool (Quality $tageparticular recorg
deduplication and standardization.
k Process Driven: As one of the main sources of Daplems is data entry errors by
producers, the data entry validations have beeoresd. Now every customer |s
update in the Costumer database calls for Qualiagesfor name and address
standardization.
P As the Country has recently launched a new Citizard with every relevant data
stored in a chip, there will be fewer typos, simtest relevant customer’s data are
directly collected from the digital support.

DQ Tools (DQt)

— Clients’ TeamQuality Stage;

— Data Management Teanfrillium (Discovery) for data profiling, CA Repiisry
for Z/OS for Metadata Management, Erwin Data Mod#de Data Modeling and
Erwin Model Manager for Data Models Management.

Data Stewards

Some people are carrying out a few data stewaagkst in the bussiness unit owning

(DS) the Customer Data (DSO).
Data Owners The Operational Support Direction (DSO) is the omofethe Customers’ Master Dat3
(DO) and the Control and Planning Direction (DCP) isdler of the Data Warehouse.
Master Data There is Centralized Customer MD, data servicesgeiade available to other areas.
Management Some data are physically duplicated either synausly or asynchronously. For
(MDM) example, CRM subscribes updates to the Customers MD
Data I The Data Management Team “sells its DQ projectsjugh the IS/IT Portal and
Communication . o . . X ; :

meetings within IS/IT Enterprise and with the vasdusiness Units.
Strategy
Achievements They do not know.
Benefits They have not been calculated.
Costs Thye have not been calculated.
Future Information Architecture aligned with the Businesal Data Owners for each Master
Perspectives Data.

Table 3 — PublicBank’s Data Quality Management Emitks

CentralBank

The CentralBank is part, since its inception in&,98f the European System of Central Banks (ESCB) -
which comprises the European Central Bank (ECB)thadational central banks of the European Union
(EV) and is a part, since its inception in JanuBgri999, of the Eurosystem - comprising the ECB and
national central banks participating in the euro.
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CentralBank has about 1700 employees and had 09, 20consolidated result of Eur. 254 million.

Data collection was done through one structureshvww (which was recorded and transcribed) with th
Architecture and Innovation Group Coordinator ahé information Sharing System (SPAI) Team
Leader, followed by email exchanges to clarify saaspects and by analysis of the CentralBank web

site.

Evidences collected from CentralBank are summariizddible 4.

Perspectives Empirical Evidences
Degree of Market )
Competitiveness Not applicable.
Degree of Market _
Regulation Very High.

Which Value does
your Executive
Leadership assign
to Data?

A Critical Business Asset.

Data Policy (DP)

They have a DP for the Analytical and the Operati@ystems.

The main driver was the reuse of data sources mgtdy the analytical environment

Drivers L o
statistics and supervision.
Beginning The project began in 2002.
Sponsorship The data quality management initiative was spornkbyethe Applications

Development Director and the IS/IT Assistant Diogct

Scope of the DQ
Initiative

Analytical Systems

scope has been chosen because it supposedly lgtvbegt added value to the fin
product.

Various data sources’ metadata characterizatioordar to induce their reuse. This

al

Information Sharing Team (SPAI) belongs to the Atetture and Organizational

Data Quality Innovation Group of the Applications DevelopmentitUSPAI is a flexible team,
Management havi e . . ;
Team aving a permanent staff of 1.5 specialists andgusutsourcing services when
necessary.
DQ Projects — Treatment of sources: data conve_rsion, examinmﬁcﬁiﬂing, etc;
— Tools are provided for parameterized queries ama staurces management.
— Guarantee of data delivery from sources provide&B#l, according to defined
SLAs;
— Sources’ Catalog and advice for their use, sudbyadentifying possible sources
DQ Services for a particular attribute. If a certain projectdanot want to refresh a specific
source, than a copy of it must be done;
— In some situations, SPAI Team helps customers aser¢heir efficiency and
effectiveness, such as by suggesting the use afhconelassification systems.
DQ Most Standard DQ dimensions are not used, the conteeaalf project being analyzed and
Important the DQ dimensions defined accordingly. NeverthelBsdéa Reuse and Comparability,
Dimensions (via common reference data) are the most commoersions.
DQ

Methodologies
(DQm)

No formal DQ methodology has been adopted, alth@Rhl Team has defined some

guidelines.

DQ Techniques
(DQT)

Characterization of the Metadata of Sources.

DQ Tools (DQt)

No financial means have been allocated to SPAIgetpflue to the lack of strong
sponsorship. As a result, no commercial tool wasgghband SPAI members have
developed their own tools.

Data Stewards
(BS)

Statistics Department defined some data stewakd.tBsit overall CentralBank has

not implemented Data Steward roles.
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— Whether in Analytical or in Operational Systemsemnvnformation Unit has
always a Department’s Owner, who is responsiblétéomanagement. One

Data Owners Information Unit can either be a Table, resultirgni the data processing of

(DO) various sources or an Attribute of such a Table.

— One Owner is assigned to a set of Information Urfithe same Information
Domain, eg. Currency Exchange, Securities and {bees.

Master Data

Management There is a Centralized MDM for Information Domamanaged by SPAI.
(MDM)

— SPAI Team began selling its project within the TSOepartment;
Communication — Nowadays, they are selling it to the various Useepartments, project by
Strategy project;

— SPAl is also planning to publicize their work iretmtranet.

SPAI is presently in charge of managing betweetoZ8D information sources, which

Achievements : .
are reused by multiple projects.

Benefits have not been calculated yet, but SPAhTeansiders of great interest to

Benefits assess to benefits generated by that system.

Costs There have been calculated for internal staff dmlg,not for the consultants, who are
assigned to projects. From January 2002 to May) 2@&rnal staff costs have been
around Eur. 905 thousand.

Future
Perspectives

Continue integrating and enabling the reuse of rsotece’ metadata .

Table 4 — CentralBank Data Quality Management Ences

Results and Discussion
In this section, we are going to cross analisedisclss the most relevant findings.

Results

Value that Organizations’ Executive Leadership@ssio data

PublicBank and CentralBank (which be henceforth ethiass Banks) executive leadership considers data

as a Critical Business Asset, while in MyTelecomisitregarded as an Application Resource. That

evidence is in line with the nonexistence of a DRaécy in MyTelecom and this first evidence poitds

considering MyTelecom in a lower Data Quality Matutevel (DQML).

Business drivers to data quality

The main business driver to DQ were, in all Orgatiims, the reduction in non quality costs, pattidy

those related to “process failure” and “informat&srap and rework” [7, p. 209-212], although nofe o

them has calculated the benefits from DQ initiaivBoth findings are in line with previous litereg

20, 7, 8]. The risk management and one merger aleethe drivers to PublicBank DQ, that being also

in line with literature.

Sponsorship

DQ initiatives have been sponsored, in the threegay IS/IT executives at different levels, exdep

the Customer Data Quality and DW projects in thblieBank, which were launched and sponsored by

its owners, that pointing to a higher PublicBankNdIQ All the Organizations are actively looking for

business sponsors for the DQ projects.

Scope of the DQ initiative

— The two commercial corporations (MyTelecom and RHEank) are working in their Customer

Data quality assurance and control and have erdodeg¢a validations to prevent DQ problems.
This “Customer Focus” is in line with all the qugliiterature, and specifically with Standards ISO
[12]. Nevertheless, the way they perceive custoda¢a is quite different, as PublicBank uses a
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Customer MDM framework, while MyTelecom does not;

— PublicBank DQM activities are also focusing on dem-making/business intelligence and
regulatory compliance areas. Indeed, PublicBankptadl) three years ago, the IT governance
framework CobiT, due to operational riskternal control required by Basel Il. CobiT indks a
data management process (DS11), in the “DeliverSargport Domain”.

— All the three Organizations are working in datauesl quality, although the Banks are the only
ones working on metadata characterization, docuatientand disclosure;

Data Quality Management Organization

— PublicBank's DQ Team is the best hierarchically ipmsed, as it is located within the
Architectural Unit and occupies a 2nd level positio IS/IT Enterprise, while the other two have
3rd level positions within the Application Developnt Units of IS/IT Departments, belonging to
the Quality Team in MyTelecom and to the Architeetand Organizational Innovation Group in
Central Bank;

— Banks have assigned Data Owners and some Data rfteslas, although MyTelecom has not,
that also pointing to a lower DQML for MyTelecomdaa higher one for PublicBank.

Data Architecture Integration

— Both Banks are working towards MDM: Public Bank hasCostumer Master Data and
CentralBank has centralized some “Information Dar®ai

— MyTelecom finds it “very difficult to implement pigies and architectural options, such MDM, in
a very competitive industry, in which projects haeey short time to market”;

— These evidences point towards a higher DQML forkBan

DQ Methodologies, Techniques and Tools

— None of the three organizations uses a formal D@hoawlogy, although Banks are using some
guidelines inspired in published methodologies. EgEom and PublicBank are enforcing data
validations, both Banks are working on metadataindefns, and PublicBank pays special
attention to data models quality assurance. My Teteand PublicBank use commercial DQ tools,
while CentralBank developed its own tool, due ® thasons explained in Table 4.

DQ Dimensions

With regard to the most important DQ dimensionsgytidepend on each Corporation and, in
CentralBank, they depend on each project contieat,ldeing in line with previous research findings][
Data Communication Strategies

All the three Organizations are communicating tiEY projects, either within IS/IT Units or to Busss
Units, MyTelecom having the strongest and mostwatise DQ communication strategy, led by its DQ
Team leader, who is clearly a data quality champion

Benefits and Costs

The benefits from DQ initiatives have not been ghated and costs have only been partially calcdlate

Discussion

Chronologically, PublicBank was the first Organiaatto launch a DQ initiative (in 1993-1994), well
before CentralBank that began its DQ efforts in20@yTelecom being the last one, in 2007. Indekd, i
seems that MyTelecom is just running a DQ busirges®, while Banks have a much broader DQM
scope.

All DQ projects and operations are dealing with fixeng of non-quality datalike data cleaning and
standardization,and preventing DQ problemsthrough data validation improvemenand corporate
metadata description and standardizatias well agjuality assurance of data models

None of the organizations uses any formal DQ meilogy, but two of them consider that they have
some methodological influences.They are using comiadetools for data profiling, standardization and

3 The Basel Committee defines operational risk as itk of loss resulting from inadequate or failegtrnal processes, people and systems or
from external events."
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cleaning, except CentralBank, of which the toolseh@een internally developed due to the lack of
financial resources.

Banks’ Executive leadership consider data as ai€xiitBusiness Asseand they arevorking towards a
Data Policy in line with Business Policy, which is not theseaof MyTelecom, that difference also
applying to Master Data Management and to appointroé Data Owners. In fact, PublicBank has a
Customer and Data Warehouse Master Data Managemedthas appointed Data Owners for that
Master Data, the same happening to CentralBaniefass to Analytical Master Data.

We found out that the main business drivers toQeinitiatives have been threduction in non quality
costsand, afterwards, thenprovement of the company’s image among its cus®mamergerandrisk
managementn particular the compliance with regulatory isspwhich is in line with literature [7, 8, 20]
and confirms proposition 1, except fewvenue optimizatian

MyTelecom and PublicBank are investingcustomer managementhich is in line with literature [18],
PublicBank also operating imlecision making/business intelligence and reguiat@ompliance
CentralBank, which mainly works with analytical ®y®s, is operating irdata sources metadata
characterization and reus@ his confirms proposition 2 except fousiness networking

Sponsorship has been ensured at different levetsedfS/IT Departments, which confirms proposit&n
PublicBank also having business sponsorship fo€utstomer Master Data and Data Warehouse quality
projects.

The three organizations are trying to raise ISl dusiness people’s awareness for non-quality data
problems and communicating their DQ project achiesets, MyTelecom being the champion of such
communication initiatives.

In MyTelecom and CentralBank, DQ Teams have 3rdellepositions within the Application
Development Unit of IS/IT Departments, belongingthe Quality Team in MyTelecom and to the
Architecture and Organizational Innovation GrougCientral Bank.PublicBank’s. PublicBank DQ Team
is the exception, its DQ Team being located wittia Architectural Unit and occupying a 2nd level
position in IS/IT Enterprise which, according to],[denotes a higher maturity level, and seems to
confirm proposition 4.

CONCLUSIONS

In this section we will discuss the findings rethteith the initial research questionshich business
drivers motivate the organizations to engage inatadquality management initiativelfow do they
implement Data Quality Managemerafid sidewarde/hich objectives have been achieved, so far

Fig. 3 presents our attempt to locate the threargtions in the “DG strategic impact grid”. Altgh

we tried to gain feedback from the DQ team leadéithe three organizations about their positioriimg
the grid, it has been only possible to have thaiopi of MyTelecom, who agreed with its positioning.
Considering that the organizations are properlytipsed in the grid, it can be deduced that, altitoall

of them need quality data for their operations, Bamusiness performance is also highly dependent o
their data assets, which can justify their highmnmitment to data quality management activities.

The differences that were found lead us to belignag PublicBank and CentralBank have an higher
DQML maturity level than MyTelecom, mainly due twetaspects as follows: data being considered as a
Critical Business Asset by executive leadership;libsiness commitment to DQ and MDM [11, p. 12];
the appointment of Data Owners; the importancegassi to Metadata characterization, documentation
and disclosure [11, p. 12] and to their strategyetols a Data Policy.

Considering the PublicBank compliance with an Ivemmance framewofk as well as its DQ Team

* Although the relationship between IT Governance Bata Governance has not been researched yety toest
knowledge.
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hierarchical position, apart from the fact thatitheustomer and Data Warehouse DQ projects were
sponsored by a Business Unit (and not by the IB#partment, as the other ones), leads us to conside
that this Corporation is in a better DQML than Galdank. MyTelecom’s DQML seems to be the lower
one, due the reasons presented above.

These findings are in line with the organizatiopesitioning in the “DG strategic impact grid” (Fig),
MyTelecom occupying the “Defensive Column”, dudtie fact that data (and information) may not be a
major differentiating factor, since an importantmoer of its mobile customers (phone and Internet) a
pre-paid and therefore their identification is basiness significant. Banks are placed in the “Qffes”
column due to the “higher need for value creatibrough data assets”, their business being mostly
conducted by knowledge workers through informatemalysis, their effectiveness and efficiency
depending, to a large extent, on the quality chdahd information) available to them.

All the three Organizations are highly placed ia thertical axis, that meaning they are working émyv
regulated markets.

L IMITATIONS

Although the draft of each case study report hanlreviewed by all its informants, more sources of
evidence could have been used, if more time anourees were available, which could increase the
construct validity [32] of each case.

FUTURE WORK

This research work made it possible to collect rehpirical evidence, which resulted in a better
understanding of the Corporate Data Quality Managgnphenomenon in three Organizations of one
European Union Country.

We intend to deepen this research work by testieghtypotheses perceived herein through a survey, to
be administered to IS/IT and business managers @oganizations involved in DQ projects, enabling
the development of a “Corporate Data Quality Metarkework” (CDQMF), drawing on contingency
factors and best practices. This CDQMF is intertdeslipport Organizations in the development ofrthei
own “Corporate Data Quality Frameworks”.
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