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WELCOME MESSAGE FROM GENERAL CHAIRS

On behalf of the conference committee for ICIQ 2012, it is our pleasure to welcome you to Paris for
the 17th International Conference on Information Quality. This is the second time that this conference
is being held in Europe; the first time was 3 years ago in 2009 in Germany. The conference is jointly
organized by the CNAM, Conservatoire National des Arts et Métiers, Paris and EXQI, the French
association for Data Quality and Governance.

ICIQ is a premier annual international forum for data and information quality management
researchers, practitioners, vendors, and application developers. The conference will feature research
talks and industry presentations. It will cover current issues in information quality management in
database and information systems research and development.

The conference would not have been possible if not for the efforts of many people. Thanks are due to
the Organization committee and Program chairs — Dr. Laure Berti-Equille, Dr. Isabelle Comyn-
Wattiau and Dr. Monica Scannapieco and their PC members for producing an exciting programme.
Thanks also to the efforts of the industrial Track chair — Sylvaine Nugier, the Publicity chair —
Delphine Clément, and the Local Organization Committee, in particular: Alexandre, Anne, Natacha,
Yura, Frédéric, Sarah, Amina, Samira, Nadine, Joél and Henri.

We would like also to warmly thank Andy Koronios and Jing Gao from University of South Australia
(ICIQ-2011 Co-Chairs) and John Talburt and Liz Pierce from University of Arkansas at Little Rock,
USA (ICIQ-2010 Co-Chairs) for organizing the previous two ICIQ conferences and the MIT IQ
Programme liaison — Richard Wang. We wish the 17" conference (ICIQ-2012) to be as successful as
the previous ones, and continue the tradition for IC1Q-2013 in Little Rock, USA again, and 1C1Q-2014
in Xi’An, China to be hosted by the School of Management, Xi’An Jiaotong University.

We are grateful for the generous support of our Platinum Sponsors — IBM, SAS Dataflux, Gold
Sponsors — Ataccama, EDF, GDE, ScoringData and Silver Sponsors — REVER and Steria.

We wish to thank our academic distinguished speakers: Stuard Madnick from MIT and Felix
Naumann from Hasso Plattner Institut der Universitat Potsdam in Germany and our industry keynote
speaker: Marielle VVo-Van from Bouygues Telecom.

We also wish to thank the supporting organization — EXQI.
Last but not least, our sincere thanks go to the authors of the papers, the speakers, and all the
participants of ICIQ 2012 who have made this conference a resounding success.

Welcome and enjoy the conference and have a good time in Paris!

Jacky Akoka, CNAM, France
Brigitte Laboisse, ExQI, France

ICIQ 2012 General Chairs
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WELCOME MESSAGE FROM PROGRAMME COMMITTEE CHAIRS

The program and the organization of the conference are the result of a huge effort by many people
who contributed to the success of ICIQ 2012 and we want to warmly thank them all. First, we would
like to thank the authors of all submitted papers, both accepted and rejected ones.

The 24 papers collected in this volume, out of 48 papers that were submitted to the Main Track of
ICIQ 2012 Conference, are a significant sample of recent achievements in the various areas of
information and data quality, ranging from information quality models and evaluation frameworks to
data cleaning and quality of social media data. In the following we report a pie chart representation of
the distribution of the number of accepted papers by primary subject area.

M Corporate and
Organizational 1Q

B Improvement and
Assurance of 1Q

m 1Q Cases Studies and
Applications

mIQin New Eras

® Measurement of 1Q

Seven sessions in the Main Track along with three sessions for the Industrial Track have been
proposed for the conference program. The acceptance rate of the Main Track of ICIQ 2012 (50%) is
slightly higher than ICIQ 2011 (46%). The 61 members of the Program Committee were very
thorough and zealous. Between three and four reviews were requested for every paper, and the
selection process was regulated only by technical factors. We really wish to thank the program
committee members for the reviewing work they did to ensure high-quality papers.

We wish to thank our distinguished keynote speakers: Professor Stuart Madnick from Massachusetts
Institute of Technology, USA, and Professor Felix Naumann from Hasso Plattner Institut der
Universitdt Potsdam in Germany, currently at Qatar Computing Research Institute, Qatar for their
enlightening talks.

In addition, we would like to thank all the people who volunteered their time to help us organize the
conference.

Finally, we thank you for attending the ICIQ 2012 conference. We sincerely hope that you find the
program very exciting and enjoy the conference environment.

Laure Berti-Equille
Isabelle Comyn-Wattiau
Monica Scannapieco

ICIQ 2012 PC Chairs
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2012 BALLOU-PAZER IQ DISSERTATION AWARD COMPETITION

Following are the results for this year's best dissertations for the 2012 Ballou-Pazer 1Q
Dissertation Award Competition:

1. Dr. Mohamed Yakout, Purdue University (Advisor: Prof. Ahmed K. ElImagarmid)

Dissertation Title: Guided Data Cleaning

2. Dr. Ahmed Abu Halimeh*, University of Arkansas at Little Rock (Advisor: Dr. Mihail
Tudoreanu)

Dissertation Title: Integrating Information Quality in Visual Analytics

and

Dr. Yinle Zhou*, University of Arkansas at Little Rock (Advisor: Dr. John Talburt)

Dissertation Title: Modeling and Design of Entity Identity Information in Entity Resolution Systems

*alphabetical order only

Dr. Yakout clearly had the highest ranking (.2 mean rankings points ahead) based on the vote by
the members of the 2012 Ballou-Pazer 1Q Dissertation Award Competition Committee and thus
won the competition receiving the first prize. Dr. Halimeh and Dr. Zhu had exactly the same
rankings and they thus receive both the second prize. Therefore the Committee decided this year
to give a first prize followed by two second prizes for the second place. Each contestant will
receive a certificate at this year’s ICIQ Conference in Paris. In addition, Dr. Yakout will receive a
check for US$1,000 and Dr. Halimeh and Dr. Zhu each will receive a check for US$250.

The Committee is expressing its congratulations to all three finalists!

Respectfully submitted:

Rolf Wigand,

Chair,

2012 Ballou-Pazer 1Q Dissertation Award Competition Committee
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2012 STUART ELLIOT MADNICK BEST PAPER AWARD

The committee of the Stuart Elliot Madnick Best Paper Award competition congratulates the
recipients of ICIQ 2012 Stuart Elliot Madnick Best Paper Award ($1000) chosen from the
top-ranked accepted articles of the 17" International Conference on Information Quality 2012.

The ICIQ 2012 Stuart Elliot Madnick Best Paper Award for 2012 goes to:

Key-based Blocking of Duplicates in Entity-Independent Probabilistic Data
Fabian Panse, Wolfram Wingerath, Steffen Friedrich, Norbert Ritter

University of Hamburg, Germany

The choice for the award was made by Prof. Jacky Akoka, Brigitte Laboisse, Prof. Isabelle
Comyn-Wattiau, Dr Laure Berti-Equille, Dr Monica Scannapieco (ICIQ-2012 Chairs),
Prof. John Talburt (2013 ICIQ Chair, USA), Prof. Yang W. Lee (ICIQ Committee Chair),
Prof. Wayne Huang (2014 ICIQ Chair, China), Dr Richard Wang (ICIQ General Chair).

Warmest congratulations to the winners!

ICIQ 2012 Stuart Elliot Madnick Best Paper Award Competition Committee,
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CONFERENCE ORGANIZATION

CONFERENCE CHAIRS

Jacky Akoka, CNAM, France
Andy Koronios, University of South Australia, Australia
Brigitte Laboisse, BDQS, France

John Talburt , University of Arkansas at Little Rock, USA

PROGRAM COMMITTEE CHAIRS
Laure Berti-Equille, IRD, France
Isabelle Comyn-Wattiau, CNAM, France

Monica Scannapieco, Istat, Italy

DOCTORAL CONSORTIUM CHAIRS
Samira Si-said Cherfi, CNAM, France

Raul Ruggia, University of the Republic of Uruguay, Uruguay

INDUSTRIAL CHAIR

Sylvaine Nugier, ExQI, France

PUBLICITY CHAIR

Delphine Clément, Microsoft, France
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PROGRAMME COMMITTEE

Stuart Ainsworth, UniSA, Australia

Carlo Batini, University of Milan, Italy

Laure Berti-Equille, IRD Institute of Research for Development, France
Mikhaila Burgess, University of Glamorgan

Ismael Caballero, UCLM, Spain

Cinzia Cappiello, Politecnico di Milano, Italy

InduShobha Chengalur-Smith, SUNY at Albany, USA
Chia-Chu Chiang, University of Arkansas at Little Rock, USA
Isabelle Comyn-Wattiau, CNAM, France

Olivier Coppet, SNCD, France

Tamraparni Dasu, AT&T Labs Research, USA

Bruce Davidson, Cedars-Sinai Health System, USA

Claudio di Ciccio, Universita di Roma La Sapienza, Italy

Adir Even, Ben-Gurion University of the Negev, Israel

Craig Fisher, Marist College, USA

Zbigniew Gackowski, California State University Stanislaus, USA
Jing Gao, University of South Australia, Australia

Marcus Gebauer, Arcor, Germany

Michael Gertz, Ruprecht-Karls-University Heidelberg, Germany
Markus Helfert, Dublin City University, Ireland

Beverly Kahn, Suffolk University, USA

Barbara Klein, University of Michigan at Dearborn, USA
Akihisa Kodate, Tsuda College, Japan

Jochen Kokemuiller, Fraunhofer IAO, Germany

Eitel Lauria, Marist College, USA

Peggy Leonowich-Graham, USMA, USA

Jiuyong Li, University of South Australia, Australia

Helina Melkas, Lappeenranta University of Technology, Finland
Mariofanna Milanova, University of Arkansas at Little Rock, USA
Paolo Missier, University of Manchester, United Kingdom
Mukesh Mohania, IBM, India
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Agarwal Nitil, University of Arkansas at Little Rock, USA

Paulo Jorge Oliveira, Politecnico do Porto, Portugal

Ajith Parlikad, University of Cambridge, United Kingdom

Oscar Pastor, Valencia University of Technology, Spain

Barbara Pernici, Politecnico di Milano, Italy

Leo Pipino, University of Massachusetts Lowell, USA

Geert Poels, University of Ghent, Belgium

Robert Pokorny, XSB Inc., USA

Srini Ramaswamy, University of Arkansas at Little Rock, USA
Tom Redman, dataqualitysolutions, USA

Grant Robinson, New South Wales Office of Water, Australia
David Rowlands, Direkt Consulting Pty Ltd, Australia

Laura Rusu, IBM Research Australia, Australia

Shazia Sadiq, University of Queensland, Australia

Kai-Uwe Sattler, Iimenau University of Technology, Germany
Monica Scannapieco, Italian National Institute of Statistics (Istat), Italy
Scott Schumacher, IBM, USA

Valerie Sessions, Charleston Southern University, USA

Ganesan Shankaranarayanan, Babson College, USA

John (Skip) Slone, Lockheed Martin Corp., USA

Besiki Stvilia, Florida State University, USA

Giri Kumar Tayi, SUNY at Albany, USA

Mihail E. Tudoreanu, University of Arkansas at Little Rock, USA
Rolf Wigand, University of Arkansas at Little Rock, USA

Philip Woodall, University of Cambridge, United Kingdom
Ningning Wu, University of Arkansas at Little Rock, USA

C. Lwanga Yonke, Aera Energy LLC, Australia

Diego Zardetto, Italian National Institute of Statistics (Istat), Italy
Harry Zhu, Old Dominion University, USA

viii
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CONFERENCE VENUE

ICIQ 2012 will take place in Paris, France. Paris is the capital and the largest city in France. It is
situated on the river Seine, in northern France, at the heart of the lle-de-France region. The city of
Paris, within its administrative limits (the 20 arrondissements) largely unchanged since 1860, and is
one of the most populated metropolitan areas in Europe. Paris is today one of the world's leading
business and cultural centres, and its influences in politics, education, entertainment, media, fashion,
science, and the arts all contribute to its status as one of the world's major global cities.

ICIQ 2012 will be held at CNAM Paris.

The CNAM is an institution dedicated to life-long higher education. It is a Public Scientific, Cultural
and Professional Institution, classed as a grand établissement, among France's top higher education
establishments. It is supervised by the French Minister for Higher Education. The Cnham was created
in 1794, during the French Revolution, on the location of a medieval monastery, the royal abbey of
Saint-Martin des Champs. Nowadays, thanks to its integrated network, the Cnam spreads higher adult
education and life-long training, in France and abroad.

How to get there?

The Cnam is located at the heart of Paris, close to the Louvre, Notre Dame and the Pompidou Centre.
Le Cnam, 292 rue Saint-Martin - 75003 PARIS, France.

http://the.cnam.eu/

Metro stations: Arts-et-Métiers or Réaumur-Sébastopol.
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INVITED TALKS AND KEYNOTES

Keynote Talk 1: BIG Data Must Overcome BIG Data Quality Challenges

Professor Stuart MADNICK, John Norris Maguire Professor of Information Technology,
Sloan School of Management & Professor of Engineering Systems, School of
Engineering, Massachusetts Institute of Technology

16™ November (Friday), 9:30 AM — 10:30 AM
Location: Amphi C (Abbé Grégoire)

In this talk I will describe: (1) the recent excitement and new opportunities about data under the "Big
Data" theme, (2) the history of Data Quality research at MIT and elsewhere, and (3) how those two
topics intersect. Big Data has rapidly become an extremely important topic in both academia and
industry. Some recent examples to be presented include how the granularity and combinations of data
now available make new kinds of analysis possible, such as the ability to anticipate (a) what you will
buy next or (b) where you will go next. Examples such as these have led to concerns about the usage
and privacy of social media and other personal data. Some data quality research issues to be discussed
include: (a) the multiple dimensions of data quality, (b) the need for organizational data quality
assessment, and (c) the interplay of data quality and data semantics, including data provenance.

As the title of this talk states: “'Big Data Must Overcome Big Data Quality Challenges.” This is
illustrated by a remark already heard from many Executives: “l now have more and more information,
that |1 know less and less about ...” Since Big Data provides even more data, including personal data,
from even more diverse sources, to get true and effective value from Big Data, it must be high quality
Big Data. In order to do that, you need to know the quality of the data and the origin (provenance) of
the data.

Professor Stuart Madnick has been on the faculty at MIT since
1972 and served as the head of MIT's Information Technologies
Group for more than twenty years. He is the co-author of over
380 books, articles, or technical reports. He co-heads the MIT
Total Data Quality Management (TDQM) research program. He
has been active in industry as a developer and consultant. He
has also been the co-founder of several high-tech firms. Dr.
Madnick has degrees in Electrical Engineering (BS and MS),
Management (MS), and Computer Science (PhD) from MIT. He
has been a Visiting Professor/Scholar at 8 institutions, including
Conservatoire National des Arts et Métiers (Paris) and the
European Research Consortium for Informatics and
Mathematics (Nice.)
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Keynote Talk 2: The five legged sheep: Bouygues Telecom, data quality
and governance case study

Marielle Vo-Van, Customer Insight and Campaign management Director, Bouygues
Telecom, France
16™ November (Friday), 3:00 PM — 3:45 PM

Location: Amphi C (Abbé Grégoire)

The experience feedback of an operator of telecommunications in the implementation of data
governance and administration: how Bouygues Telecom had the opportunity to make become aware of
the importance of the data during its project of revision of the DWH. Marielle VO-VAN will paint the
portrait of data manager and will announce us her best practice.

Marielle VO-VAN LIGER, 48, is Bouygues Telecom's Director of
Customer Insight and CRM. With more than 20 years of
professional experience in Direct Marketing, Marielle has led
the design and implementation of the first statistical analysis
tools at Bouygues Telecom, in order to better understand the
customer's behaviour and needs. A definitive CRM-addict,
Marielle leads the design and development of decision-making
tools for the operational departments (Marketing, Sales,
Customer Service,...), in order to help them increase margins
and revenue, and prioritise customer interactions. These tools
range from very simple to utterly sophisticated (segmentation,
scoring, Customer Life Time Value,...). Through her rich
experience, Marielle has acquired many proofs of the high
business value of information derived from detailed data, (and
most notably customer data), and has been a key advocate for
the implementation of an Enterprise Datawarehouse within
Bouygues Telecom.

Xi
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Keynote Talk 3: The Quality of Web Data

Professor Felix NAUMANN, Hasso-Plattner-Institit fir Softwaresystemtechnik,
Germany

17" November (Saturday), 9:15 AM — 10:15 AM
Location: Amphi C (Abbé Grégoire)

The wealth of freely available, structured information on the Web is constantly growing. Driving
domains are public data from and about governments and administrations, scientific data, and data
about media, such as articles, books and albums. In addition, general-purpose datasets, such as
DBpedia and Freebase from the linked open data community, serve as a focal point for many more
data sets. Thus, it is possible to query or integrate data from multiple sources and create new,
integrated data sets with added value.

Yet integration is far from simple: It happens at technical level by ingesting data in various formats, at
structural level by providing a common ontology and mapping the data source structures to it, and at
semantic level by linking multiple records about same real world entities and fusing these
representations into a clean and consistent record. The talk highlights the extreme heterogeneity and
poor quality of web data and points to methods to overcome them including a multitude of tasks that
must be completed: source selection to identify appropriate and high quality sources, data extraction to
create structured data, scrubbing to standardize and clean data, entity matching to associate different
occurrences of the same entity, and finally data transformation and data fusion to combine all data
about an entity in a single, consistent representation.

Felix Naumann studied mathematics, economy, and computer
sciences at the University of Technology in Berlin. After
receiving his diploma in joined the graduate school at
Humboldt University of Berlin. He completed his PhD. thesis on
data quality in 2000. Before moving to the University of
Potsdam, he worked at the IBM Almaden Research Center and
served as an assistant professor for information integration at
the Humboldt-University of Berlin. Since 2006 he holds the chair
of Information Systems at the Hasso Plattner Institute (HPI) and
is currently on leave at the Qatar Computing Research Institute

(QCRI).

Xii
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ICIQ 2012 CONFERENCE PROGRAM

Thursday November 15, 2012 ‘

Workshop Data Excellence Paris 2012
18:30 ICIQ 2012 Welcome Reception
Friday November 16, 2012 Morning
G Registration
ST Morning Refreshments Location: Salle des Textiles
Conference Welcome and Recognitions Location: Amphi C (Abbé Grégoire)
9:00-9:15 Jacky AKOKA, CNAM, France
Brigitte LABOISSE, EXQI, France
Conference Program Presentation Location: Amphi C (Abbé Grégoire)
9:15-9:30 Laure BERTI-EQUILLE, IRD, France
) ) Isabelle COMYN-WATTIAU, CNAM, France
Monica SCANNAPIECO, ISTAT, Italy
Keynote 1 — BIG Data Must Overcome BIG Data Quality Challenges
9:30-10:30 Stuart MADNICK, Professor, MIT, USA
Location: Amphi C (Abbé Grégoire)
10:30-10:45 |Break Location: Salle des Textiles
10:45-12:15 | Parallel Sessions
Session 1 — 1Q and Organizations Session Chair:Carlo Batini
e Organizational Issues in Establishing Master Data Management Function,
Riikka Vilminko-Heikkinen, Samuli Pekkola
Room e The State of Information and Data Quality Efforts in Today’s Organizations,
21.2.31 Elizabeth Pierce, C. Lwanga Yonke, Piyush Malik, Chitra Kagathur
Nargaraj
o Designing Business Processes Able to Satisfy Data Quality Requirements,
Angélica Caro, Alfonso Rodriguez, Cinzia Cappiello, Ismael Caballero
Session 2 — 1Q and Knowledge Session Chair: Philp Woodall
¢ Knowledge Acquisition from and Semantic Variability in Schizophrenia Clinical
Trial Data, Meredith Nahm
Room e Towards Expertise Modelling for Routing Data Cleaning Tasks within a
21.2.37 Community of Knowledge Workers, Umair ul Hassan, Sean O’Riain, Edward
Curry
e Domain Knowledge Based Quality for Business Process Models, Sarah Ayad,
Samira Si-said Cherfi
Session 3 — Information Accuracy Session Chair: Bruce Davidson
e APC-SIMULATOR: Demonstrating the Effects of Technical and Semantic
Room Errors in the Accuracy of Hospital Reporting, Sami Laine
21.2.44 e Assessing Accuracy Degradation over Time with a Markov-Chain Model, Alisa
o Wechsler, Adir Even
o Determinants of Accuracy in the Context of Clinical Study Data, Meredith
Nahm, Joseph Bonner, Philip L. Reed, Kit Howard
12:15-13:45 |Lunch Location: Salle des Textiles

Xiii



ICIQ 2012, The 17th International Conference on Information Quality

Friday November 16, 2012 Afternoon ‘

13:45-14:45 | Parallel Sessions

Industrial Track - Session |
Session Chair: Olivier Coppet (GDE France)

Room e Data Provenance and Financial Systemic Risk, Len Seligman, Shaun Brady,
21.2.31 MITRE
e An Industry Study Case of Data Governance Program in Health Information: the
Medtronic MCRI Initiative in Data Management, Marie-Astrid Cartron-
Mizeracki, UALR/MEDTRONIC

Industrial Track - Session |1
Session Chair: Jean-Michel Derelle (LAFARGE)

o How the Emergence of Open Data Impacts the Data Quality Routines of a Data

Service Provider? Soumaya Ben Hassine, AID, Andrea Micheaux, University of
Room Lille 1, Eric Sommervogel, AID

21.2.37 e Looking back 10 years — Evolution of the Data Management Organization at
Microsoft Delphine Clément, Ronan Corre, MICROSOFT

e The Role of Information Quality Management in Achieving Organizational
Performance Excellence: An 1Q-Focused Examination of the Baldrige Framework
with Examples from the Health Care Industry Bruce Davidson, CEDARS-SINAI
Health System

14:45-15:00 Break Location: Salle des Textiles

Keynote 2 — The five legged sheep: Bouygues Telecom, data quality and governance
case study, Marielle Vo-Van, Customer Insight and Campaign Management

15:00-15:45 Director, Bouygues Telecom, France
Location: Amphi C (Abbé Grégoire)
15:45-15:50 [I1Q Associations’ Presentation Location: Amphi C (Abbé Grégoire)

16:00-18:00 |Parallel Sessions

Session 4 — 1Q Improvement

Session Chair: Ismael Cabellero

e Customized Data Quality Improvement, Philip Woodall, Alexander Borek, Ajith
Kumar Parlikad

e Checking and Repairing the Quality of Information in Databases by Inconsistency

2R10§?1 Metrics, _Hendrik Decker _ _ o _ _
- e Introducing Data and Information Quality Principles in Today’s College Curriculum
via an Introductory Probability and Statistics Course, William Rybolt, Leo Pipino
e Towards the Use of Model Checking for Performing Data Consistency Evaluation
and Cleansing, Mario Mezzanzanica, Mirko Cesarini, Fabio Mercorio, Roberto
Boselli
Session 5 — 1Q Dimensions
Session Chair: Samira Si-said Cherfi
e 1Q : Purpose and Dimensions, Phyllis Illari, Luciano Floridi
Room e An Inv!astiga_tion into Data Quality Root Cause Anqusis, Philip Woodall, Andy
21.2.37 Koronios, Jing Gao, Ajith Kumar Parlikad, Elaine George

e Impact of Conceptual Modeling Approaches on Information Quality: Theory and
Empirical Evidence, Roman Lukyanenko, Jeffrey Parsons

e The Many Faces of Information and their Impact on Information Quality, Carlo
Batini, Matteo Palmonari, Giuanluigi Viscusi

Xiv
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Friday November 16, 2012 Afternoon ‘

16:00-18:00 |Parallel Sessions

Session 6 — Measurement of 1Q
Session Chair: Cinzia Cappiello

e The Effect of Missing Data on Classification Quality, Michael Feldman, Adir
Even, Yisrael Parmet
N ion-0O i A

Room ° SHateh—gu
21.2.44 Using-a-Product PerspectiveAbrar Haider-Snag-Hyun-Lee
e CALYDAT : A Methodology for Evaluating Data Quality Dimensions based on
Data Profiling Techniques, Yonelbys Iznaga, César Guerra, Ismael Caballero
o Key-based Blocking of Duplicates in Entity-Independent Probabilistic Data,
Fabian Panse, Wolfram Wingerath, Steffen Friedrich, Norbert Ritter
20:00 Conference Banquet and Awards Location: Restaurant Chez Georges aux Halles

Saturday November 17, 2012 Morning ‘

9:00-9:15 Morning Refreshments Location: Salle des Textiles

9:15-10:15 Keynote 3 — The Quality of Web Data, Felix NAUMANN, Professor, Hasso-Plattner-
Institit fur Softwaresystemtechnik, Germany
Location: Amphi C (Abbé Grégoire)

10:20-10:30 |ACM JDIQ Journal Presentation (by L. Raschid) Location: Amphi C (Abbé Grégoire)
10:30-10:45 Break Location: Salle des Textiles
10:45-12:15 |Parallel Sessions

Session 7 — 1Q and Social Media

Session Chair: Andrea Maurino

e Research on the Role of Social Media and Motivation to Use in the Local
Community — Index of Information Quality and Private Space Function, Yasuhiro

le°§ ?8 Tanaka, Akihisa Kodate o _ _ _
- e Quality of Social Media Data and Implications of Social Media for Data Quality, G.
Shankaranarayanan, Bala lyer, Donna Stoddard
o Measuring Information Quality on the Internet — A User Perspective, Olivier
Blattmann, Patrick Kaltenrieder, Patrizia Haupt, Thomas Myrach
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Abstract: Master data management (MDM) provides an acae$iset consistent views of the organization’s most
important data, also referred to as master datadtfition to technical issues, there are many érgéional items
related to MDM and its organizational implementatiblowever, current academic literature lacks eitgistud-

ies on organizational challenges influencing theMiDitiatives. Consequently organizational issuegstablish-
ing master data management function in an orgdaizaire studied in this paper. Data collectionaaducted by
participatory observations of a year-long MDM putjeReflecting the findings to the literature shaWat several
new issues have emerged. These indicate that thlermentation of MDM is also affected by the orgatiian’s
ability to identify data owners and associate thvath appropriate roles and responsibilities, andreate a unified
understanding of the key terms and concepts reggidiDM. Also the importance of communication is drap
sized.

Key Words: Master data management, MDM, organizational issoeganizational implementation, data quality,
qualitative research

INTRODUCTION

Data has been developed in silos over the yeais.artu the fact that the amount of data has inedceas
rapidly, have caused the data to be stored in nousanformation systems (IS) and databases. Ists a
common that multiple information systems hold theme or nearly the same data [16]. Disparate systems
and applications create segregated informatiors fésults in duplicate, incomplete and inaccuratea d
that leads to inappropriate analytics and, at thet @énaccurate business decisions [25]. Problentls wi
data quality and reliability have thus emerged.SEhproblems create additional costs for organizatio
and make it problematic for them to use the da@. [Zhe quality of transactional and inventory data
depends directly on the quality of master data.[Abjother angle on the subject is that still 40 Pow
ganizations are unaware of the problems with tthaia [29].

In order to cope with several data siloes and aagiunts of data quality problems, data is ofteraorg
ized according to its business criticality. To mg@#éusiness critical data, a new concept, mastaraia
the organization’s core data that forms the basi®@isiness processes [19] has been introducetyplts
cal characteristics are stability [26], reuse [Bfl dnigh value for the organization [17]. Common raxa
ples of master data are customers, products, amtbve

Loshin [17] describes master data management (M&88\V8 collection of data management practices that
are orchestrated by key stakeholders, participamd, business clients. They utilize business agplic
tions, information management methods, and dataagenent tools to implement policies, services, and
infrastructures to support the capturing, integigtiand sharing accurate, timely, consistent, and-c
plete master data. MDM aims at supporting the degdiion’s functions by providing an access to censi
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tent views of uniquely identifiable master dataitesg across the operational application infragtrces
[17]. MDM is consequently a method, or an enserobimethods to, target fragmented data that is dtore
in various data databases and siloes in the orgi@miz[27]. Therefore, MDM contributes to maintaigi
information quality [18].

MDM is often conceived as a technical term, evasugh the literature states its challenges are gostl
concerned with people in the organizations [1]. Eeample cultural impedance is creating difficudtie
[1]. Yet in general the literature on non-technisalues is scarce [36]. This study thus opporticailty
focuses on organizational issues that a MDM init&aimay face.

In this study, we aim at identifying organizatiomdistacles and issues that an organization mayuenco
ter when establishing its MDM function. Consequegmté supplement current literature. The data fer th
case study is collected though an ethnographiadlswithin a year-long case project.

Before going to the case and its description, thedlenges from the prior research are identifigoe™
the case study settings and our findings from #se@re presented. The paper ends with discussibn a
concluding chapters.

RELATED RESEARCH AND THEORETICAL BACKGROUND

Introducing and further establishing MDM into arganization is a complex process with numerous
steps and viewpoints [17]. With this initiative, nyaissues, that may even conflict, emerge along the
way. Earlier technical issues have been identifiad studied (c.f. [36]). Those include choosing and
creating MDM solutions that would take into accotlve organizational demands [2], and challengets tha
appear in the context of complex enterprise resptanning landscapes [21, 30]. Also different MDM
architectural design challenges have been idedtifiéeg. [21, 8]). Although the studies have, byéar
extent, emphasized technical aspects, they havet@iehed some decisive organizational issues-in in
troducing MDM.

Generally speaking, the literature on MDM is scaM®M has mainly been seen as a technical concept
[31]. Although apparently there is a lack of acaderasearch, there are many industry experts tat h
contemplated the subject from many angles. Botdexoic and practitioner-oriented literature implgtth
simple treatments of MDM just as a technical concgpne of the reasons why the projects fail, @hgl
MDM has not delivered expected results (e.g. [ZB).2From the technical perspective, a successful
MDM project can be well implemented but still natihg able to fulfil the business objectives. Unther
circumstances Andriole [3] describes MDM as beirgtlg technology, partly governance, and partly
philosophy, not just as technology.

Identifying a primary business owner for data iteas been identified as one of the key issues winen i
plementing MDM [33]. This also means that stakebmddnust be involved in the MDM initiatives [33].
However, often the definitions for data ownership madequate or completely missing. The challenge
emerges when the data ownership is not emphagizétbiorganization’s culture [32]. Data ownership
can easily be regarded to as IT unit’s task asl#ta is associated with certain information systans

its databases. Yet the owner has to be found fl@rbtisiness processes. He/she has to understand the
responsibilities the role brings. Unclear data awhg can cause, for example, inadequate procdss de
nitions, making data maintenance very difficulesen impossible [32].

Fung-A-Fat [9] argues that when identifying datanevs, some surprises can emerge in the organization
Those may quickly reveal some confusing and coidiay processes and interactions. Moss [23] has
listed several decisions that the data owners ghoalke for their data. Those are related to theagusn
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and valid values, data availability and accessjpdind of their timescales and actors, securitycped,
and the frequency of updates.

MDM has been identified as an initiative that inxes different processes and functions of the omgani
tion. Radcliffe [28] underlines strong alignmenthwihe organization's business vision and MDM dniti
tives. It is thus essential to have multidisciptindeams, i.e. participants from all business lingken
implementing MDM [12]. This emphasizes a need fighhevel coordination to control the involved
parties [19]. Yet it might be difficult to find abordinator as he/she needs to be neural pacesedier
steers the initiative and considers the organinatidifferent viewpoints as well as ensures thatND
supports the business. Because MDM crosses ovaniaggional boundaries, it might become very diffi-
cult to collaborate between different business afpems, functions and departments.

Because of the novelty of MDM concept, MDM termiogy is not shared [27, 23, 9]. The absence of
commonly agreed terms becomes an issue when, atgahunderstanding of the terms of customer or
product, are missing [27, 4]. This may lead toatians where data sets with ambiguous definitiars c
not be comprehended from the MDM perspective.

The role of management and their commitment has beeognized as a key issue when establishing
MDM. The challenge is to convince the managemewouaMDM and to get their support [17]. This
emphasizes the importance of executive sponsofghifixecutive sponsorship is also needed for ensur
ing the resources for the initiative [31]. Yet edtee or general management support alone is it su
cient. Taking the initiative forward requires contimént from the whole organization. For example col-
laboration with the broad spectrum of business langeople across the organization is importantsThi
includes, e.g., CIO and IT staff, business ownaasa integrators, application developers, as vweba
ecutive sponsorship [8].

The management’s lack of commitment is a resutheflimited understanding of the data quality prob-
lems [34, 33]. As MDM is a very challenging congepis hard to detach it from general data manage-
ment practices [32]. Yet caring the data and i@ligushould be considered as important businessi-ac

ties [14]. This necessitates a shared understarafingaster data as a common asset [8]. The manage-
ment should thus ensure that the importance ofdlaionship between business processes and data is
evident to each and every party [14].

Business needs set requirements for governing #ramdata and its availability, usability, intégyri
and security [31]. Yet those responsibilities aeely defined when starting the MDM project [9].iFh
again underlines the importance of mutually shanederstanding and responsibility of both MDM and
master data within the whole organization [14].

Altogether, marketing MDM initiatives inside thegamnization is seen difficult. Almost all activitiés-
volve the use of data [11]. Yet MDM is not just @lalt also involves the management, process owners,
and those who enter the data into information systdRecurrent communication is consequently impor-
tant. Many MDM initiatives fail because the expdictas are not communicated nor understood. This
decreases motivation and results the lack of istered commitment towards the initiative [16].

Problems with responsibilities are barriers for MPM, 28]. MDM often requires changes, such as new
practices, disciplines, methods, roles, resporids) policies, and procedures [23, 34], in thgamiza-
tion and its operations. Finding appropriate datgegnance roles is essential [35]. This becometicpar
larly problematic if explicit data governance rolesve not been set. Organizations need to defitee da
governance policies and procedures to oversee Mbiddegses [17, 5]. Yet it is hard to evaluate the
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organization’s preparedness for MDM [17]. MDM spgiecimaturity models to assess this do not exist.

Table 1 summarizes the organizational issues abéshing MDM in organizations.

ISSUE REFERENCE

Communicating the idea of MDM| Lee et al. [16]

Data owners Fung-A-Fat [9], Smith and McKeen [Elyola et al. [32]

Engaging people in the project Shankar [31], Dribiilsest al.[8]

Lack of high-level coordination Loser, Legner anddgis [19]

Management support Loshin [17], Snow [34]

Organizational changes Berson and Dubov [5], Loghiih, McKnight [22]

Organizational responsibilities Fung-A-Fat [9], Wia et al. [32], Radcliffe [28], Haug and
Arlbjgrn [11]

Unified Terms and Concepts Moss [23], Fung-A-FatF@olet [27]

Table 1. Organizational issues identified in the ferature

RESEARCH METHOD

The subject for the study is a public sector orgatndon with approximately 16 000 employees. Munici-
pality’s services are produced using a multiplevgter model. This means that external companies and
communities provide services alongside the cityig service provision. The operational model sepa-
rates the service purchaser from the provider. diganization consists of central administrations-pu
chasing unit, welfare services, municipal corporadi and several subsidiaries. The MDM project was
mainly conducted in the central administration @adT unit.

Motivation for starting the MDM project was seemealdy in 2008 when problems with data that was
considered of being organization’s important caxtadwere dispersed. Clear data quality problente we
indicated. At first, the most obvious problems cammed data duplicates and issues in maintaining the
data access. Master data management was consalemdtion that would solve the problems compre-
hensively as they were perceived to origin fromrientaining processes and several applications.

Already in 2008, the business objectives for MDMraviglentified for the first time. These includedaen
bling more effective work by streamlining work pesses and the organization, improving reporting and
achieving better interoperability with service-otied architecture (SOA). Also some MDM objectives
were identified. These were to provide processesl&ba collection, integration, consolidation, dtyal
assurance, and distribution to ensure data ingegritintenance, and application of information esag
control. This set the original goal for the MDM p&ot: to discover what was the organization’s maste
data and how it should be considered in their MD&ealopment, and to plan how the development
should proceed. The project excluded technicaltisois and the implementation of MDM.

Both the study and MDM project started in Novemp@t0 and ended in October 2011. Overall duration
was thus 12 months. The first four months were til/to the procurement phase, followed by the &ctua
MDM phase. The project organization included tha@gerent groups: project group, steering group and
expert group. Altogether 33 persons were involvidtey represented organizations’ different functjons
e.g., IT, human resources, business, and procutesmenall the core processes. Few experts were from
municipal corporations and two vendors acted asrsuting party. IT unit, where the first authorsva
employed as project coordinator, was responsilslehfimplementation of the project.

The study is based on ethnographic research, vaiioh at understanding human activities in a particu
lar environment and context. Data collection waselby participating in project group meetings, istee
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ing group meetings, kick-off and closing seminansgd other project-related meetings and informal dis
cussions. The first author was actively involvedhia project as member of the steering group aral as
member of the expert group. The situation offerathimue opportunity to observe and understand the
project while also participating in it. Ethnogragdli observations were recorded to personal dianies
notes. The first author made entries to her diatgast weekly, usually daily, whenever she encenaa
issues that were related to MDM or its implemeptatiin addition to ethnographical data, also piojec
documentations such as procurement documentatiajecp plan, monthly status reports, different
memos (working group, steering group, project ptidfgroup, stakeholder groups, kick-off and clgsin
seminars) were used.

The data analysis was conducted by adopting threiptes of grounded theory as an analysis tooktFir
the researcher familiarized herself with the datee goal was to gain an impression of the mateiil.
ter a time being, the focus on organizational issefeM DM emerged. After this individual themes were
identified and gathered from the data. This allowtbsifications of similar issues being expressed
various ways.

Ethnography is never neutral. The role of the nedea thus affects the final results [6]. Excessub-
jectivity is avoided by giving detailed descriptonf the subject. The researcher is responsiblariar
lysing and interpreting the results [6]. Even thiotlge first author made systematic entries to fhdes

and annotations to the documents throughout thegirall materials were analysed “at once”, atehd

of the project. This means that the first 11 mortas be referred to as a data collection periodrevhe
entries related to MDM were made. They were nottéichor affected by the analysis of earlier entries
This was done to minimize the unintended manipoitatif the entries as one may easily make subcon-
scious decisions what to record. The analysis efdata can thus be regarded to as content analysis,
where an external researcher makes his or her ptenpretations of the phenomena. However, as the
researcher had also collected the data and "lividltl thve tribe”, she was able to complement andrinte
pret it in the organizational context. This madeasier to understand the organization culturesacdl
structures and their impacts, and to theorize tifsgest more richly and in more complex ways [13].

FINDINGS
The analysis of empirical data revealed 12 factsr®rganizational issues influencing the implementa
tion of the MDM.

MDM and related concepts

The business people linked MDM to the organizasattempt to refine knowledge management. In the
last few years, the importance of knowledge managerad been brought up by the business. Still the
vision was not clear:Managing knowledge is a concept that has not bedimeld (Closing seminar
1.11.2011). This had an implication in identifyitige vision for MDM and separating it from knowledge
management. The issue of related concepts is thderg. The first step is thus to clarify what MD|
and, as entered in the researcher’s diary (9.5)20[tis] important also to discuss what MDM is fiot

Consensus about the objectives

Confusion about the term MDM and how it relatesitoilar concepts also resulted as difficulties im-u
fied understanding of the objectives. There wereyifferent kinds of expectations towards the MDM
project. The purchasing unit saw the initiativeaasenabler for a larger process development woilewh
business people perceived it as a solution forrigqap being more related to data warehousing.&xar
ample ‘they (business unit) see the project as an endbtetata warehouse more than anythirfBiary
14.4.2011). Many parties were also expecting guédhnical solutions being implemented during the
project. Contrary to these expectations, the ptdgmsed on establishing MDM and its practices] an
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included only a brief preliminary study on technisslutions. Generally speaking MDM was very
strongly perceived merely as a technical solution.

Identifying the needed parties

At the beginning of the project, identifying relendusiness functions and processes, and naming par
ticipants to expert groups was considered as dectta. Especially the level of expertise was difido
distinguish and articulate. The problem can be ephalized in a fact that participants needed to be
positions where they knew enough about their bgsipeocesses and functions, and about those irforma
tion needs and usages.

Engaging organization to the project

MDM implementation project was generally seen adTaproject. This made it difficult to encourage
and engage participants across the whole orgamniizati the beginning of the project. This was partic
larly a challenge with people in charge of diffarbasiness processes:.They [participants from busi-
ness units] don’t understand what their role woblel in an IT project(Diary 3.3.2011). The partici-
pants doubted if they had the expertise and alddityontribute to the project. This lowered thetiva-
tion and the level of participation.

Roles and responsibilities

Identifying appropriate roles and finding peopldtiese roles were seen as important factors imbledia

ing MDM: “There are many different solutions for managingnd, therefore, the know-how is dis-
persed. Information management processes are rimtede and everything is done now in a decentral-
ized manner. [There are] Ambiguous situations comicg the use [of data] and the decision making
(Project group memo 12.5.2011). In general, it g@an important that the people are made accountable
for the data quality. Yet the concern was thatrésponsibilities would then be handed to peopléaut
studying their workload and available resourcediraglthe MDM responsibilities as extra task. This
prevented the initiative to be put into actionalso highlights that the MDM tasks and respongibdi
were seen as an extra function.

Also switching the responsibilities from one pergoranother was seen problematic. When new tasks
were planned it was noticed that people historjciallcharge of the task and activity would not the a
lowed to manage the data anymore. This was seanpasver issue, reflecting negative connotations to
the MDM initiative.

Unified terms and concepts

The lack of unified terms was clearly an issue. Kag terms “customer”, “product” and “service” were
not defined. Consequently different participantsl kiferent connotations of what those terms meant.
For example, for the term “customer” the units ltlaeir own definitions: When there isn’t a shared
understanding of master data, the dreams of "kndgdemanagement” can easily be buried. The concept
"service" in Process 1 is defined differently tharProcess 2, and the definition for the concefietd"

is different in System 1 than in System 2, makiegagggregation of their data sets almost impossible
(Presentation to the executives 17.8.2011). Uniflefinitions, which would cover and be used in the
whole organizations, did not exist. Even though ifseie was discussed regularly in the project group
meetings and in the steering group meetings, dgignlaould not be agreed upon. This also implied th
the terms should be clearly defined before contigwiith these data types.

The level of granularity for defining data sets
The identification of master data sets also netassi decisions about their level of granularitjod
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high level of practical applicability is nil. Forxample, "Human" is too broad [data set]. There & n
"human" master data maintenance process. When tedeetow, the field is diffused. Thus the wisdom
relies somewhere in the middle, but it is a veip tme” (Project steering group 24.5.2011). There the
term “human data set” includes all kinds of humargs, customers, employees and patients. Yet their
management and attributes are very different, atlgréistributed across the organization and itmet

ous processes. Due to these reasons, the appedeniat of granularity was difficult to find.

MDM concept owner

Ownership issues had various impacts on estabfiskibM. In addition to data ownership issues, the
MDM concept ownership was seen as a challenge. rbigswas seen as the responsible party for the
whole MDM concept and is also accountable for depielg the area.

From the beginning, there was no clear place ferMibM concept ownership:Challenges with master
data are related to the responsibility and ownepsbf the data management concept: the core data
bridging the processes, systems and organizatiboahdaries, there isn’t an obvious home for them in
the organization... such liability does not arise, dgample, from the data warehouse project: it &&si

on the existing assembly, not on existing infragtrres. Neither it challenges the construction. iSim
larly, enterprise architecture won't be able towelthe information content and process-related prob
lems..” (Presentation for the executives 17.8.2011). kmits in the organization were proposed and
deliberated to act as MDM concept owners. Neveeglthere was a common understanding about a
need for neutral concept owneiMéanagement model should be owned by a neutral padyby the
purchaser nor the producéiProject group memo 12.5.2011). The concern wagirig a party that
would look at the issues so that the whole orgdioizas considered, not just its segments.

Generally, the concern for who would first adopd @inen own MDM was about resources and capabili-
ties. This role was regarded as very significahe Tear was that the chosen owner would not getoapp
priate resources. This would harm the future plafrthie whole organization. The role of MDM concept
owner included both a sponsor from the managemmhiaa operational leader that would actively take
the initiative forward after the project. Managernkvel sponsor was very difficult to identify dsete
were no obvious candidates due to the organizdtginacture and the unclearness of the desired tdve
management.

Data ownership

In addition to concept ownership, also data owripsstelated challenges were observed. Data owrngershi
involves the responsibility of developing and maining a single data set. Process owners and the ow
ers of different master data sets were discusgBditd ownerships] should be clearly and unanimously
defined and their responsibilities set' (Closing seminar 1.11.2011). Setting these owmipsswas con-
sidered very difficult, and ownerships of only avfdata sets were clarified during the project. e IT

unit had the ownership of the major IS, it was ®sggd that they should also own the da@wtiership

is a difficult concept because it easily gives @eai that information system ownership also referthée
ownership of data contents and process ownershifNates 15.8.2011). Master data was thus perceived
to be bound with information systems. Yet no cosssnwas achieved despite of several discussions
taking place both in project group and steeringigrmeetings, and in the closing seminar.

Organizational changes

Over the years the organization had developmerdraépractices for updating the data or creating ne
data entries. These activities were done diffeyemyl different business units and functions. Thierin
mation systems administrators updated the datadyeaquests from different business units. Yetxo e
plicit process was defined. This resulted many lemols. For example it was not clear who could estab-
lish a new location or site, what information woulld needed there and what would be its right farmat
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Thus the data about locations and sites was notraiecor uniform: YWe cannot manage the key pieces

of knowledge by our current practices (Presentation to the executives 17.8.2011).

As this was a customary way of working, it was veifficult to change. Although the persons involved
with the MDM project were ready to change theirgpices, there was a lot of debate that establisthiag
changes into the organization would be very difficdowever, it was agreed that the change is nitede
“[maintenance] processes and their follow-up shdudda part of everyday activitieéClosing seminar

1.11.2011).

Communication

The MDM concept was ambiguous to the organizatiifferent connotations originated from inconsis-
tent definitions both in the literature and in thectices. This made communication and marketing
MDM very difficult, especially at the beginning tfe project when incorrect interpretations had ¢o b
first discarded, and because the non-existendeeofibified definitions to replace them. This wagese

as MDM was needed to be communicated widely adtosorganization. The people involved in the
project felt that they had to justify the importanaf data quality to their management and othetesta
holders. The level of abstractions in the messagessseen important, but it turned out to be difficu
practice. For exampleCommunicating MDM to the executives should be wengcrete. How that could
be done? (Diary 15.8.2011). Different ways of communicaimvere discussed and argued. One effec-
tive way was the use of narratives. Also tailorihg message according to its recipients was clgatign
because of the heterogeneity of the employeeswidit was wanted was to provide a basic understand-
ing of MDM to the whole organization.

Communication within the project group was also émant. People using the data on a daily basis are
vital in achieving desired results of the MDM iatiives: "..With spatial data, the main problem is that
the people do not communicate. In other words, [gefsppanaging the data] need to tell what informa-
tion is available [to data users]”.(Notes 5.7.2011). It is indeed important that plean the organiza-
tion feel that their needs are considered or thihynat support the MDM initiative [29].

Legislation driven challenges

As being a public administration organization, $gfion had its impact also on the MDM initiative.
During the research project, a new law concernirigrination management in public administrations,
Act on Information Management Governance in PuBticninistration, came into force. This obliged the
organization into certain measures, e.g., withrtidbrmation architecture. This fine-tuned the MDM
project objectives abruptly a little as thethi$ project attempts to make the changes thatAitte...]
obligates us to do!.(Notes 5.7.2011).

DISCUSSION

Many of the issues identified in the literature svatso identified from our case study. However fiew
issues were discovered. A summary of the issugesented in Table 2.

ISSUE

ONLY IDENTIFIED IN THE LITERATURE

Lack of management support

Prior research listedldabk of management support as a challe
The case study did not explicitly emphasize thisnethough the issu
was recognized as importe

nge.

[¢)
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ISSUE

IDENTIFIED BOTH IN THE LITERATURE AND CASE ST UDY

Communication and marketing
to management

to data owners

to data administrations

to general communication
across the organization

The importance was recognized both in the litemtamd in the cas
study. The target groups were also identical.

Data owners

Identifying the data owners was notedree of the most crucial cha
lenges.

Engaging organization to the pr
ject

Literature argued this being mainly related to édmgagement of th
idea of MDM, while the case study brought in alsassue concernin
the commitment to the actual proje

Organizational changes

This was seen as a grdadéernge in the case study than in the
erature

Responsibilities and roles
New responsibilities
Changes in responsibiliti

This is linked with the identification of the dadaners. It also play
an important part in establishing MDM.

Unified terms and concepts

A common understandintgrons and concepts is a major issue
identifying and managing master data. This was idensd as one @
the most fundamental factors.

MDM concept owner
ment
operational leader

sponsor from the managet

Literature identified the need for a high level idination in order tg
control the parties involved. This was also recegdiin the cas
study, and specified as a need for MDM concept owhiee need fo
operational leader was mentioned in the case study though it ig
not exident in the literatur

ISSUE

ONLY IDENTIFIED IN THE CASE STUDY

Related concepts

Knowledge management was a topicei organization. Yet it wg
found difficult to distinguish it from MDM becaus# deficiencies in
the definition.

Consensus about the objectives

There was no comnagneed consensus about expectations f{
MDM among the different business units in the oigation.

Identifying essential parties

Prior research ackadges that many different processes and fi
tions of the organization are involved in MDM. Howee, it does no
point out the challenges in identifying those pes

Legislation driven challenges

Legislation was idfead as an organizational issue as the case
ganization had to obey legal issues concerninfuitstions and infor-
mation content

The level of granularity for defin
ing master data sets

- A unified level of granularity for the data setsstia be accomplisheg
because large amount of master data in the orgamiza

Table 2 Summary of identified issues

The lack of unified terms and con

cepts was ideattifioth in the literature and in the case studyhdlp

communication, some common examples (customer,uptpgervice) were used. However, they were
comprehended differently making the communicatiificdlt. This can explain many of the problems of

the MDM initiative. This finding of

undefined conats parallels with [4] study on another new coneept
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service-oriented architectures. Some other isst@s the literature were also confirmed by the case
study. These include, for instance, the challemgdsresponsibilities and roles, identifying dataners,
difficulties in engaging people and organizatiomghe project, and preparing and adapting to tiyaror
izational changes.

The case study emphasized the importance to cdpeovganizational change much more than the litera-
ture. The type and size of the case organizatiodgta management may have an explanation. The case
organization is a large public sector organizatishere the employees are hired for very long periad
time. Therefore some of the practices and effoagehbecome customary and personified. Under the
circumstances all attempts to change the situaoneasily be perceived as negative. This makdi§ it
ficult to define and implement new responsibiliteesd roles for MDM. This is emphasized especially
when the issue or its terms are not understoodjh@n the new responsibilities are seen as extr& wor
and not as activities to improve processes and glaéity. The case organization had many of itfun
tions in silos, delimiting the development of a eoom culture, shared by the whole organization. Or-
ganization-wide processes for ensuring the datéitgueill be difficult to achieve in this kind ofitia-
tions.

The issues related to legislation were a challéngbe case organization, even if the literatuik rbt
identify them. This can be explained by the typ¢hef case organization, being driven and guidethéy
laws, acts and other forms of legislation much nbe: an average enterprise. Earlier researchdias f
cused more on a private sector.

Consensus about the objectives was a great challédDM was usually seen as an enabler for data
warehouse, and nothing more, by the business Wl#e, as the case study was conducted in a longitu
dinal manner from the beginning of the projectttoend, objectives were more of an issue at thinbeg
ning. This differs from the literature where thensensus of the objectives has already been achéndd
when the term are, at least to some extent, lessibiguous for the organization.

Another issue from the beginning of the MDM projects the identification of the parties needed to be
involved in the MDM initiatives. Engaging peopledagetting them committed in the MDM implementa-
tion was difficult. As MDM initiatives should comige different processes and functions of the omgani
tion, identifying the parties from all related aseand business units was a great challenge. Thibea
two reasons for this: the lack of identified reatal owners, and a narrow understanding of MDM. The
size of the organizations may also have had itagpven though we believe the real reason itatige
number of seemingly similar master data sets tteatdferent in details. New master data sets dlgtua
emerged and were identified during the projecthag existence was not known at the beginnindhef t
project when parties got together.

Large amount of master data in the organizatioridcalso provide an explanation for the problemswit
the levels of granularity. A unified and reasonadblesl of granularity had to be set in order toke¢ee
master data models manageable.

The lack of high level coordination was identifi@sl a challenge in the literature. This issue agoecup

in the case study, but more as a challenge foMib&l concept owner. During the project, IT unit atte
as a high level coordinator. This was beneficiah&sunit was considered as a neutral party, nedag

nor process owner. However, because MDM is stroagbpciated with IS and technologies, it remains to
be seen whether they are actually “neutral enough’long run.

10
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The lack of management support was not perceivedcasllenge in the case study. This might be due t
its careful consideration both before and throughba project. This is evident from early stagedoc
mentation: Creating a management model is basically about ghkamanagement where the manage-
ment's commitment is exceedingly impoftéRtoject plan 23.2.2001). This careful prepanmatian be a
reason why it was not seen as a challenge. Managesnpport was ensured even before starting the
introduction of MDM to the organization. Manageméenalso one of the four target groups of the MDM
initiative. This was found from both literature acake study, where it was also seen importantuoatd
them about the impacts of MDM, for instance imp&otshe data quality. It was also evident that the
management wanted to hear more about the impati®bdf instead of the MDM activities itself.

The issue of management support is closely refaedmmunication. Communication, and particularly
its absence, was identified in the literature amdhie case study. In addition to communicationhi® t
management, also communication to the whole org#iniz was considered essential because almost all
functions and processes use data.

This kind research had its limitations. First, 8tedy was done in one organization. Thus, evengimou
our list of issues complements the literature,ighthnot be complete. Also, we do not claim that lilst

of issues is prioritized — even though some issgesned to be more important than the others —hlatit t
might be case specific — or not. Second, ethnoggapktudy surely has an impact on the issues iident
fied as some might be emphasized by the reseaschersonal interests. We have tried to minimize thi
by separating the data collection and analysisggand by relying also on other materials. Ethajolgy
provides unigue opportunities to understand praforeasons and causes, not just superficial and most
obvious findings. Taking these criticisms into aath we still believe the list of issues identifipcb-
vides a fruitful starting point for the future reseh — in other types of organizations and by &taof
research methods.

CONCLUSIONS

In this paper, we gained new understanding of ttelenges in establishing MDM function in an organi
zation. Although organizational issues are considexrs key factors in succeeding in a MDM initiative
still only limited research has been done to idgritiem. Through qualitative case study and ethno-
graphical observations from one organization, $Reés were found and compared to the prior research.
Several issues, such as communicating the essérid®M for different groups, established common
terms and concepts, committing people in the itiNgg preparing for organizational changes, needing
high level coordination, setting organizationalp@ssibilities and roles, and missing data ownergewe
verified.

Several new issues were found from the case siuthse were: accomplishing mutual understanding of
the objectives, identifying the needed entities #eould be involved in the MDM initiative, defirgrthe

level of granularity for defining organizations” ster data sets, the problems with related concapts,
considering legislation driven challenges. The cstsely also emphasized some issues more than the
literature. For example unidentified data ownerpgam up through the MDM project and were seen as
critical issues for the project progression. Alsmenon terms and concepts and clear responsibittiels
roles were underlined. These three issues wergynésd compulsory and inevitable for a successful
implementation of MDM — at least in our case. eemains to be seen whether they are as impdrtant
the other settings.

It seems that the organizational features, enviemtmand context have an effect on the encountered
challenges. Organization’s maturity on, e.g., kieolgek management can actuate to encountered issues.

11
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Our organization is a large public sector orgamizathat has business functions in many differeaas.
This is also the reason for the organization’s ipleltand siloed master data sets. The legislatiored
issues were clearly due to the fact that we wesdirg with the public sector. Nevertheless, witfsth
exception it seems that discovered issues werbmaotd to the public sector.

The issues discovered in the research shed lighih®rcomplexity of MDM. Organizational issues of
MDM have not been studied earlier. Consequentlyresults may assist the researchers in their endeav
our in understanding the organizational aspeck$iM, and in building theoretical models, framewarks
practices, and explanations. These results areualksiol for professionals both in public administias

and in the enterprises when they are planningttodace MDM, or if their projects are already pregg-

ing. Hence, the list of organizational issues piesia skeleton for future work even though beetirzdo
the bones is desperately needed.
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Abstract: This report presents the findings of a surventjgiconducted by the International Association lior
formation and Data Quality (IAIDQ) and the Inforriwat Quality Program at the University of Arkansad dtle
Rock (UALR-IQ) between March 19 and April 20, 20TThe purpose of the survey was to better understaad
current state of information and data quality pamgs and practices in organizations around the wdithé goal
was to provide valuable insights for informatiort&dguality practitioners, job seekers, employensl the academ-
ic community in evaluating existing conditions aodaid in setting the agenda for future growthtedf tliscipline.
This ICIQ paper is a condensed version extraciet the full industry report that IAIDQ will publisin Fall 2012

Key Words: Data Quality, Information Quality

BACKGROUND

In early 2012, a team of UALR-IQ researchers aniDfd members developed a questionnaire to gather
insights about information and data quality progsaand practices in today’s organizations. The surve
was officially launched on March 19, 2012. IAID@$several invitations via e-mail to individuals s
mailing list, asking them to complete the web-basad/ey. Invitations were also distributed via sale
data quality web sites and social networking groijpe survey closed on April 20, 2012.

Once the data collection period ended, the rawegudata were checked to eliminate any duplicates or
abandoned survey responses (i.e., surveys whenddudls exited the survey before completing any
IDQ-related questions). A total of 296 participastarted the survey. After duplicates and abandoned
survey responses were eliminated, 270 participgsgonses remained. These 270 participants who com-
pleted our survey represented a diverse set ohg@ons from around the world. A summary of our
participants’ demographics is included in the Apgigrof this paper. This work is a condensed version
of the full industry report that IAIDQ will publisn Fall 2012 [1]

This paper summarizes our findings in four areas
* Organization of Information & Data Quality (IDQ) fifts
* Information and Data Quality (IDQ) Processes
e Information & Data Quality (IDQ) Maturity
* Information & Data Quality (IDQ) Tools
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ORGANIZATION OF INFORMATION & DATA QUALITY (IDQ) EFFORTS

The questions in this section of the survey focusetlow organizations are structuring their infotiora
and data quality improvement efforts.

How is IDQ managed in organizations?

According to our survey results, most IDQ managedreéiorts are driven at either the enterprise orcfu
tional areas. 28.3% of participants said that IDiQres are enterprise-driven, meaning senior leslaier

is involved with managing the quality of key infaation and data assets across the organization with
involvement by various functional areas and depantsy Another 28.3% of participants indicated that
IDQ efforts are driven by the functional areas tha responsible for managing the quality of thwir
formation and data assets with participation frbwe departments that report to those areas. Abckt 20
of participants said that departments are resptnib managing the quality of their organizations
formation and data assets. 16.7% of participaqsnted that in their organizations information aath
guality management is left to individuals to pursaretheir own initiative while 5.6% of participants
reported no information and data quality manageraeany level in their organizations.

Which of the following statements best describes how information and
data quality is currently managed in your organization? Select ONE only.
(251 respondents)

Functional area — criven 28.3%

Noinitiative at any level

Don't know F 0.8%

0

=

5% 10% 15% 20% 25% 30%

What is the relationship in organizations betweelD@ efforts and Data Govern-
ance?

We loosely define Data Governance as the colleateof decision-making processes for the use and
value-maximization of an organization’s data as#@tsughout its lifecycle [1]. Because issues sumcb

ing the quality, integrity, or usability of inforrtian sometimes fall under the scope of an orgaitinat
data governance initiatives, we asked participtomtshare with us the relationship between IDQ éfor
and data governance efforts in their organizativvisile nearly a third (30.8%) of participants séat
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in their organizations information quality and dgtavernance are led by the same person, the rggt po
ed out that a wide range of relationships exigtaddition to the options listed in the survey does a
few individuals noted that in their organizatio®Q initiatives report directly into their Data Gawe
ance Group. Furthermore about 5% of participantdevin comments explaining that no relationship
exists because their organizations either did aeeta Data Governance program or were still invérg
early stages of developing a Data Governance pmogra

Which statement best describes the relationship between the information
quality and the data governance effortsin your organization? Select ONE

only. (250 respondents)
Information guality and data governance are led by

30.8%
the same person

Information guality and data governance are led by
different pecple who report to the same manager

Information guality and data governance are led by
different people who report to different managers

There is not a specific incividual in charge of our
information quality program

Thera is not 2 specificindividualin charge of our datz
governance program

13.2%

Other 6.8%

Don’t know 6.8%

0% 5% 10% 15% 20% 25% 30% 35%

Note: The terms “information” and “data” can be diggerchangeably for this question.

Where does the person leading IDQ efforts repoN®hat is their level?

According to our survey, Information Technologymhation Systems is the most common reporting
area (31.8%) for individuals leading an organizggdDQ efforts. This in turn suggests that 68.20%6
IDQ efforts are led by people who report outsidéTéfS. This would be a very encouraging fact,egiv
the need to establish business ownership of IDQrtsff According to the survey responses, the most
common non-IT/IS area is the Senior/Executive Managnt Team (13.7%). It is apparent from the rest
of the selected choices that individuals leadingjrtlorganizations’ IDQ efforts report to a varieiy
functional areas. In addition to the choices listedhe question, participants contributed othezaar
where their IDQ leader reports such as Businesdlijgnce, Supply Chain Management, Internal Audit,
Research, Medical Affairs, Asset Management, an@/Ddormation Management Groups separate from
IT. About 12% of participants indicated “Not apalble”, most probably because their organizatiagsdo
not have a specific individual leading their orgaation’s IDQ efforts.

As a follow up to this question for those surveytiggpants who indicated that their organizatiomasl lan
IDQ leader, we wanted to know how high up in thgamization this position was located. A third
(33.0%) said that three levels separate the mosvrskeader of their organization and the persorstmo
directly in charge of their IDQ efforts with roughdnother third (33.9%) reporting less than theels
and the remainder reporting more than three leselsnsure. See IAIDQ for the full report with these
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charts [1].

To which area does the person leading your information and data quality
efforts report? Select ONE only. (255 respondents)

Info Technology/Systems 31.8%
Senior/Executive Mgmt Team
Other

Finance

Business System Groups
Operations/Manufacturing
Data Governance

Process Mgmt/Excellence
Data Quality Office

Human Resource

Marketing

Compliance/Risk

Don’t know

Not applicable 11.8%

0% 5% 10% 15% 20% 25% 30% 35%

Who in the organization is involved in the most $enIDQ steering body?

In many organizations, information and data qualitjiatives and processes are guided by one oemor
bodies such as a Data Council, Steering Committéleeoequivalent. According to our survey responses
middle-level business managers (i.e., non-IT) (Z8,2members of the senior/executive management
team (25.7%), and middle-level IT managers (20.9%)e the ones most frequently cited as being in-
volved in their organizations’ IDQ steering bodyea\ly a third (31.0%) selected “Not applicable” mea
ing those participants came from organizations dioatot have a senior IDQ steering body.
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Who is involved in the most senior information/data quality steering body
in your organization? Select ALL that apply. (245 respondents)

Middle-level non-IT managers 28.2%

The Senior/Executive Management Team
Middle-level IT managers

C-Level non-IT executives

C-Level IT executives

Don’t know

Junior Level non-IT supervisors/managers
Junior Level IT supervisors/managers
31.0%

0% 5% 10% 15% 20% 25% 30% 35%

Not applicable

Note: “non-IT” means lines of business other thaprmation Technology / Information Systems

How often does the most senior IDQ steering bodyrganizations meet?

For those participants whose organizations haven&s IDQ steering body, meeting monthly (19.5%)
was selected most frequently followed by meetingrtgrly (13.9%). In addition to the choices listed
several participants wrote in alternative meeticigeslules for their most senior IDQ steering bodghsu

as every two months, every two weeks, and twiceaa.y

How long has the most senior IDQ steering body ¢gdsin organizations?

Participants whose organizations have a senior $i@ring body reported that this body is fairly new

with the majority reporting that their senior ID€earing body was less than three years old.
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How often does the most senior information/data quality steering body
in your organization meet? Select ONE only. (251 respondents)

Meets an an annual basis
Meets on a quarterly besis
Meets on & maontnhly besis
Meets on & weekly bzsis
Coes not meet regulerly
Other

Don'tknow

Notapplicable 28.3%

0% 5% 10% 15% 20% 25% 30%

How long has the most senior information/data quality steering body in
your arganization been in existence? (251 respondents)
Lessthan 1 year
1to 3 years
310 5 years
Sto 7 years
More than 7 years
Don'tknow

Notapplicable 31.5%

0% 5% 10% 15% 20% 25% 30% 35%
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| NFORMATION AND DATA QUALITY (IDQ) PROCESSES

To learn more about what processes organizationsodowing for their IDQ efforts, we asked survey
participants to tell us what their organizations doing in regards to their IDQ activities.

What are the key subject areas for IDQ?

According to our survey results, the top three donaaeas on which organizations are focusing their
information and data quality efforts are Custom@.7%), Products and production (52.1%), and Fi-
nancial (51.6%). In addition to the subject aréneas we listed, participants provided several mofer-
mation areas such as Property/Real Estate, Edo¢c&&search/Scientific, Health Care/Patients, Regul
tory Compliance, and Road/Transportation.

On which subject areas do your information and data quality efforts
focus? Select ALL that apply. (219 respondents)

Customers 66.7%
Products end praduction
Financial

services

Sales

Supply Chain, vendors, suppliers
Employees

Items/materials

Equipmentanc facilities
Maintenznce

Environmental, health and safety

Don't know 2.7%

0% 10% 20% 30% 40% 50% 60% 70% 80%

What are the primary business objectives for IDQ?

Linking information and data quality activities boisiness needs is essential. Participants tolHaishe
primary direct or indirect business objective dittorganization’s information and data qualityoef$ is

to “Reduce Risk and Assurance Compliance” (38.6%is area was cited twice as much as the objective
to “Reduce Costs” (18.9%) or the objective to “kmse Revenue” (18.0%). In addition to the objestive
listed in the survey, people mentioned other objestsuch as better customer satisfaction/seriice,
proved business decision making, reliable reporémgl accurate information/data-based products.
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What is the primary direct or indirect business objective of your
organization's information and data quality efforts? Select ONE only. (233
respondents)

Reduce Costs | 155

increase Revene N 15.0%

otrer | 123%

Assure Health, Safety and \
Environmental Protection - 6.4%

Don't know F 4.7%

0% 10% 20% 30% 40% 50%

What are the main motivators behind IDQ efforts?

Participants named the general desire to improgegthality of their data as the main driver or oatl
behind their information and data quality effo88 4%). Other motivations chosen included Data Ware
housing/Business Intelligence (47.2%), CompliangRraud/Legal Requirements (39.8%), and Mas-
ter Data Management Projects (39.4%). In termstloéromotivators, people referenced the increasing
complexity of the business, cost/asset managementess improvement, long term archival require-
ments, patient safety, profitability measurement @eporting requirements.

21



ICIQ 2012, the 17th International Conference oroinfation Quality

Which of the following are the main drivers, motivations, or catalysts behind your information
and data quality efforts? Select ALL that apply. (231 respondents)
General desire to improve the quality of our data 68.4%
Data Warehousing / Business Intelligence 47.2%
Compliance / Risk / Fraud / Legal Requirements 39.8%
Master Data Management (MDM) project 39.4%
Suffered major negative impact from bad data quality 30.7%
Business Process Automation 28.1%
Customer Data Integration (CDI) 28.1%
Applications / Systems Integration 26.8%
Customer Relationship Management (CRM) project 26.4%
Enterprise Architecture 25.1%
Information Security / Privacy 18.6%
Enterprise Resource Planning (ERP) project 15.6%
Unstructured Data 13.9%
Database Marketing 11.7%
Reaction to competitors’ activity 10.4%
Product Information Management (PIM) project 10.0%
Sales Force Automation 9.5%
Big Data 9.1%
Service-Oriented Architecture (SOA) project 8.7%
Merger & Acquisition planning or implementation 8.2%
Cloud Computing 2.2%
Don’t know 2.2%

What is the current emphasis on IDQ activities?

We asked participants to rate the amount of eff@ir organization spends on a variety of IDQ atés.

We ordered the list by those activities that hael lHrgest percentage of responses in the Modevate t
Large-Scale efforts categories. Based on this,souvey indicates that the top 6 information andadat
quality activities that their organizations spehd most effort on are as follows:

Data cleansing/remediation

Propose, select or charter data quality improverpesjects

Data Quality monitoring

Standardize data definitions across the organizatio

Data Quality assessment

Define and standardize common business rules attresgganization

22



ICIQ 2012, the 17th International Conference oroinfation Quality

How effective are IDQ activities?

Participants indicated that the effectiveness efrtbrganization’s current information and datalgya
activities (formal or informal) is mostly Okay (i,esome goals are met) (46.1%). On the positive, sid
21.7% of participants selected Good (i.e., mostgyage met) and 2.2% selected Excellent (i.e g@dlls

are met). On the negative side, 20.0% of partidpaelected Poor (i.e., few goals are met) and 6.5%
selected Very Poor (i.e., no goals are met).

How would you rate the effectiveness of your organization's current
information and data quality activities (formal or informal)? Select ONE
only. (230 respondents)

Excellent (all goals are met) h 2.2%

Good (most goals are met) _ 21.7%
OK (some goals are met) - [ 46.1%
Poor (few goals are met) _ 20.0%

Very Poor (no goals are met) - 6.5%

Don't know F 3.5%

0% 5% 10% 15% 20% 25% 30% 35% 40% 45% 50%

INFORMATION & DATA QUALITY (IDQ) TooLs

The data quality tools market has been growingdigmver the past several years, increasing organiz
tions’ ability to assure data quality. What toale organizations currently using for their IDQoef$?
Here is the feedback we received from our survegigigants.

What types of tools are being used in IDQ efforts?

According to our participants, the top five categsiof data quality tools being used by organirstiare
(1) Data profiling and quality assessment, (2) Dtality monitoring, (3) Data remediation / clearsi
(4) Data matching and reconciliation, and (5) EottrBransform-Load. In addition to the ones listed,
participants wrote in several other categoriesuidiclg “Statistical Analysis”, “Microsoft Excel”, “QL

scripts”, “Quality Assurance/Quality Control” anBrogram Management.”
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Identify the categories of data quality tools currently used in your organization. Select ALL that
apply. (221 respondents)
Data profiling and quality assessment 65.2%
Data quality monitoring 61.1%
Data remediation / cleansing 57.0%
Data matching and reconciliation (data de-duplication) 52.9%
Extract-transform-load (ETL) and other data integration tools 51.1%
Data modeling (computer-aided software engineering) 41.2%
Data parsing and standardization 40.3%
Metadata management tools (Business and Technical) 37.6%
Master data management (MDM) 35.3%
Data enrichment 30.3%
Business Process Management / Workflow 30.3%
Data discovery (relationship and mappings) 29.0%
Data visualization 25.8%
Data lineage 24.9%
Business rules engine 24.0%
Customer data integration (CDI) 20.8%
Rules discovery 15.4%
Collaboration tools (for data governance and stewardship workflows) 14.9%
Text Mining / Semantic 12.2%
Ontology and hierarchy building 12.2%
Product Information Management (PIM) 7.7%

How important are tools to IDQ efforts?

Not surprisingly, the top five tools listed in theevious question are also the five tools thatpartici-
pants considered most important to their informmatilata quality efforts: (1) Extract-Transform-Load
(2) Data quality monitoring, (3) Data remediatiooléansing, (4) Data matching and reconciliatid), (
Data profiling and quality assessment. One intergstem to note is that the order between thefiiog

are very similar with the following exception. Wé&iData Profiling and quality assessment tools were
cited as the most used, Extract-Transform-Loadadhdr data integration tools were considered thetmo
important to the organization’s information andadquality efforts by our participants.

Where do organizations get their tools for data filmg and assessment?
It appears that most organizations are using feoishased from vendors to conduct data profilind an
assessments in conjunction with Ad Hoc Queriestmme Grown Tools.
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What category of tools does your organization utilize for data profiling
and/or data quality assessment? Select ALL that apply. (269
respcondents)

Home Grown Tooll) N :: 7
Free/Open Source Tool(s) _ 19.7%
No tools used at this time - 8.6%

Don't know F 3.0%

0% 10% 20% 30% 40% 50% 60% 70%

INFORMATION & DATA QUALITY (IDQ) MATURITY

To discover where organizations rate in terms d IDaaturity, we asked survey participants several
guestions based on attributes of the COBIT 4.1 kitgtModel [3]. COBIT was originally developed for
IT governance. We chose those attributes that Wevere especially relevant to the management -of in
formation and data quality and modified the wordifighe maturity levels accordingly.

Responsibility and Accountability

Nearly half of participants (47.7%) indicated theiganizations had reached the Defined Level ov@bo
At the Defined level organizations have defined IBQponsibility and accountability roles with inidiv
uals assigned to carry out those duties; howessugeis regarding authority still remain. Over hélthe
participants (52.3%) reported their organizatioad hot yet reached the Defined level. Fewer tHzr 1
of participants felt their organizations had reatttee higher stages of maturity when it comes &uen
ing that an effective system is in place for defiistaffing, and empowering IDQ roles.
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Which of the following statements best describes éresponsibility and accountabilityfor information and data
quality among employees in your organization? Sele©NE only. (220 respondents)

Maturity Level Description Response | Cumulative
Percent Percent

Information / data stewards and others with infdfomddata quality
5 — Optimized roles are empowered to make information / dataityueecisions
and to take action. The acceptance of respongiliiiis been cas
caded down throughout the organization in a comsistashion. An
effective governance structure has been established 3.6% 3.6%

Information and data quality responsibility and @aatability are
accepted and working in a way that enables infdonatata stew-
ards and others with information/data quality rateéully discharge|
their responsibilities. An appropriate reward stnue is in place. 7.3% 10.9%

4 — Managed

Information and data quality responsibility and @aatability are
defined and information/data stewards have beentifasl. Occa-
3 _ Defined sionally, the information/data stewards and othvath information
and data quality roles may lack the full authotityexercise thei

responsibilities. 36.8% 47.7%
One or more individuals have assumed responsibibty infor-

mation quality and are usually held accountablene¥ this is not
formally agreed. There is often confusion and blaineut responsi

2 — Repeatable

bility when information and data quality problentcor. 25.5% 73.2%
There is no clear definition of accountability @sponsibility for
1 - Ad-hoc information and data quality issues. People takeesship of in-
formation/data quality issues based on their ovithiaiive as prob-
lems arise. 26.8% 100%

Policies, Plans, and Procedures

When it comes to IDQ processes, about a third dgiggaants (37%) felt their organizations had resth
the Defined Level or above. At the Defined levajamizations have defined and documented IDQ pro-
cesses and policies along with more formal anccgirad practices for communicating these plans. The
majority of the participants (63%) reported theiganizations had not yet reached the Defined level.
Less than 8% of participants said their organiregtibad reached the higher stages of maturity when i
comes to ensuring that an effective system isasefor defining and following IDQ best practices.

Which of the following statements best describes ¢hstatus of information and data quality_policiesplans, and
proceduresin your organization? Select ONE only. (222 respalents)

Response Cumulative

Maturity Level Description Percent Percent

Benchmarking against external best practices aaddatds for
information/data quality are applied. The effeatiees of infor-
5 - Optimized mation and data quality processes and policies@mgnually being
improved. Management is engaged in proactive ambiog com-
munication of these practices. 1.8% 1.8%

All aspects of information and data quality proessand policieg
are documented and repeatable. Policies have hgmowed and
signed off on by management. Standards for manaagidgimprov-
ing the quality of information and data quality pesses and poli-
cies are adopted and followed. Management is coruating on
these practices on a frequent and widespread basis. 5.9% 7.7%

4 — Managed
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Information and data quality processes and poliaresdefined ang
documented for all the subject areas the orgawizasi focusing on
Management is becoming more formal and structurétsicommu-
nication of these practices 29.3% 37.0%

3 — Defined

Some documentation and/or understanding of commfmmmation
2 — Repeatable | and data quality processes and policies are enggrigit are largely
intuitive because of individual expertise. Managetris communi-
cating on some of these practices. 35.1% 72.1%

Information and data quality processes and polices largely
1 - Ad-hoc undefined. Several ad hoc processes and policies$, dut man-
agement communication about these practices idjmor 27.9% 100%

Goal Setting and Measurement

A similar situation exists when it comes to IDQ foemance measurements. About 43% of participants
indicated their organizations had reached the [dfirevel or above. At the Defined level organizasio
have set some IDQ goals and metrics, but theree@msistency issues in applying these performance
measures which often lack a clear link with strategals in the organization. In addition communica
tion about these IDQ goals and metrics are not spdesad. Nearly half of the participants (47.5%) fe
their organizations had not yet reached the Defieedl. About 15% of participants believed their o
ganizations were at the higher stages of matuititgrmit comes to ensuring that an effective system i
place for defining, measuring, and monitoring ID€¥fprmance.

Which of the following statements best describes ¢hstatus of information and data quality_goal settig and meas-
urement in your organization? Select ONE only. (221 respatents)
: o Response | Cumulative
Maturity Level Description Percent Percent
An organization-wide integrated information andadauality per-
formance measurement system is in place. It linksrination/data|
- goals to organizational strategic goals. Goals raxginely met.
5 - Optimized s .
Deviations are consistently noted by management ranticause|
analysis is applied. Continuous improvement of rimfation and
data quality processes is ongoing.
2.3% 2.3%
Efficiency and effectiveness goals are set, comoaiad, measured,
4 — Managed and linked to organization's strategic goals. Gumus improve-
ment of information and data quality processesvisrging.
12.7% 15.0%
Some information and data quality effectivenesdggaad measures
3 _ Defined are set, but may not be widely communicated. Tren® clear link
to strategic organizational goals. Measurement ggees for these
goals are emerging but are not consistently applied
27.6% 42.6%
Some information and data quality goal setting oeciMeasure-
2 - Repeatable ment of success against these goals is inconsisrahttypically
limited to a few areas. 28.1% 70.7%
1 - Ad-hoc Information and data quality goals are not cleat am measuremerjt
exists. 29.4% 100%
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CHALLENGES AHEAD FOR INFORMATION & DATA QUALITY (IDQ)

Perhaps the most critical finding of this surveyswae response to our question regarding the dbstac

that people perceived as most inhibiting data tp@ihprovement in their organizations. IDQ profes-

sionals listed numerous obstacles that they faceregular basis in their organizations.

» Lack of accountability and responsibility for dapaality

* Too many information silos

» Lack of awareness or communication of the magnitufdiata quality problems

» Lack of common understanding of what data qualiéans

» Lack of awareness or communication of the oppotiegassociated with high quality data

» Lack of senior leadership in tackling data quaksues

» Lack of data quality policies, plans, and procedure

» Perception that data quality is an IT issue ontheathan an organization wide issue (and in some
organizations there may be a reverse perceptidrdtita quality is a business issue only and cannot
be helped with IT support

» Lack of data quality goal setting and measurement

» Lack of data quality skills and expertise

» Lack of data quality tools and automation

» Lack of resources including limited staff to manatga issues and promote data quality, cost to
build a good data quality program, time to get prapols and automation in place.

» Out of date policies, plans, and procedures.

» Lack of grass roots development of data quality agategic vision

» Lack of data quality rules that are customer focus

» Lack of understanding by data collectors of theipact on quality

» Lack of awareness of impact of frequent organiratichanges on contextual meaning and usability
of data assets

If Information and Data Quality is to make progressa discipline, these obstacles must be allakiate
IAIDQ and other IDQ leaders must continue to warggdther to raise awareness across the diverse stake
holders groups. It will also be important for IAfDand others to expand their efforts to promote the
development and exchange of the IDQ knowledge kmsdto provide support and strategies for those
trying to establish and grow an IDQ culture in th@ganization.
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APPENDIX - SURVEY PARTICIPANTS AND THEIR ORGANIZATIONS

Here is a brief summary of the characteristichef270 participants who completed our survey.

Roles that survey participants assume in their orgaizations:
= Supervisor / Manager -- 42.2%
= Staff / Faculty / Individual Contributor — 31.9%
= Senior Level Executive —13.7%
= Other-8.1%
= Owner—4.1%

Functional areas that best describe the work of swey participants:
= |nformation Technology / Information Systems — 3%.7
= Business line or other non-IT/IS — 36.6%
= Consultant —11.2%
= Other -9.3%
= Academia-- 3.4%
= Software vendor — 1.9%

Top 12 countries where survey participants work:
= United States — 49.3%
= Australia— 7.5%
= |ndia—6.0%
= United Kingdom — 5.6%
= Canada-—4.5%
= South Africa — 3.0%
= Jreland -- 2.6%
= Netherlands — 2.2%
=  Belgium —1.9%
= Columbia — 1.9%
= Philippines — 1.9%
= China-1.5%
=  Other-12.3%

Part of organization that survey participants had n mind when answering questions:
= The entire organization — 49.3%
= A functional area — 24.8%
=  Adepartment — 15.2%
= A subsidiary of the organization — 10.7%

Work force size of survey participants’ organizations:
= More than 10,000 employees — 31.5%

2,500 to 10,000 — 23.3%

500 to 2,500 employees — 16.3%

100 to 500 employees -- 13.0%

50 to 100 employees — 6.7%

Fewer than 50 employees — 8.1%

Unsure of work force size — 1.1%
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Annual revenue size of survey participants’ organiations (USD):
= More than ten billion —19.3%
=  One billion to ten billion -- 21.1%
= 100 million to one billion — 15.9%
=  Ten million to 100 million — 9.6%
=  One million to ten million — 8.9%
= |ess than one million — 3.7%
= Unsure of annual revenue — 21.5%

Type of organizations for whom survey participantsvork:
= Private company — 39.0%
= Public company — 34.9%
=  Non-profit —7.4%
= College/University — 4.8%
=  Federal government — 5.6%
= State government -- 5.2%
= |ocal government — 1.5%
= Military — 1.5%

Top 15 industries associated with survey participats’ organizations:
= Financial Services — 13.3%
= Energy/Oil & Gas —12.2%
= Healthcare — 8.5%
= Consulting / Professional Services — 7.8%
= |nsurance —7.4%
= Government (Federal/National/State/Local)— 6.3%
= Software / Internet — 5.6%
= Education -- 5.6%
= Government: Federal/National - 4.4%
= Manufacturing (non-computers) — 3.7%
=  Telecommunications / Communications — 3.7%
=  Pharmaceuticals — 2.6%
= Retail / Wholesale Distributions — 2.6%
=  Manufacturing (computers, technology) — 2.6%
= Utilities — 2.2%
= Other-17.8%

Market scope of customers that survey participantsbrganizations serve:
= International —49.6%
= National —33.3%
=  Regional (state or province) — 13.0%
= |Local (e.g., metropolitan area) —3.3%
= Unsure --0.7%

30



ICIQ 2012, the 17th International Conference oroinfation Quality

DESIGNING BUSINESSPROCESSES ABLE TO SATISFY DATA
QUALITY REQUIREMENTS

(Research-in-Progress)

Angélica Caro, Alfonso Rodriguez
Department of Computer Science and information Meldyies
Universtity of Bio-Bio, Chillan, Chile
{mcaro, alfonso}@ubiobio.cl

Cinzia Cappiello
Dipartimento di Elettronica e Informazione — Pdiiteco di Milano
Piazza Leonardo da Vinci 32, 20133 Milano, Italy
cappiell@elet.polimi.it

Ismael Caballero
Alarcos Research Group-Instituto de TecnologiasyeBias de la Informacion,
University of Castilla-La Mancha, Paseo de laygmsidad 4, Ciudad Real, Spain
Ismael.Caballero@uclm.es

Abstract: Nowadays, data quality is a fundamental issubet@onsidered in order to avoid inefficiencies &md
fully exploit all the benefits of adopting sophcstted information technology platforms that canpsrpessential
activities for business such as decision makingijrass intelligence and customer services. Busiaffigsency

and effectiveness also depend on the way in whirdiness processes are modeled. A sound modelitig difusi-

ness processes is becoming a higher priority fain®ss managers and analysts since documentingiredet-

standing business processes support them in thmipation and improvement of the business functidnghis

paper we propose a methodology (named BPIiDQ) tgidendata quality issues in the business procestelimg

phase to support the design of data quality-awas@less processes.

Key Words: Data Quality, Business Process Model, BPMN, Matality Requirements.

1. INTRODUCTION

Modern organizations use different strategies thieae success, sustainability and competitiveness.
Most of them concentrate their efforts in adoptsaphisticated information technology platforms that
can support essential activities such as makingsidec business intelligence, and costumer seryices
among others. However, these platforms per se atreiseful if the core business relies on ineffitien
processes. For this reason, some organizationsfbaused their efforts on the definition and manage
ment of suitable Business Processes (BP) that fatithe procedures, the use of information technolo
gy, and the involvement of the human resources.

On the other hand, in order to avoid inefficiencesl to achieve all the benefits of the adoptiomdf
vanced information management solutions, high tualata is also needed [1]. Thus, achieving ade-
quate levels of Data Quality (DQ) could be a stymt@pproach to consider as part of the business pr
cess management.

Formally, DQ is often defined adithess for usk i.e., the ability of a data collection to meeteus’ re-
quirements [2]. DQ is a multidimensional and sutij@cconcept since it is usually evaluated by means
of different criteria, namely DQ dimensions, whasdection of those that better describe users’ DQ
requirements and the corresponding evaluation lladgpends on the context of use.

Guaranteeing high levels of DQ for the data usethgks at hands is an important issue especially in
information-intensive organizations. In general,opalata quality exposes organizations to non-
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depreciable risks especially when a business psoegies on incorrect, incomplete or out-of-datéada

Such data quality issues might also imply the catepbr partial failure of the business process., e.

the use of a wrong address for a product delivaryhe delay in communicating the needed infornmatio
in a process with strict temporal constraints. Ehesnsequences can be avoided or at least alldJigte

adopting suitable strategies to early tackle the m@Qessities as a proactive attitude facing theirecc
rence of data quality problems when the BP is etestu

A BP model represents the flow of physical itemsnéormational artifacts through a sequence of gask
and sub-processes that operate on them [3]. Imbssiprocess modeling, the main objective is te pro
duce a description of the business work in ordéebdtier understand the process, and eventually, im-
prove it: for example, the way in which a commedrtiansaction is carried out. Our idea is to model
business processes considering in addition theqlaghity issues, and consequently, including atitigi
able to minimize the risk associated with datategleerrors. To this aim, it is also important tovéa
suitable notation for modeling the essence of theiness as clearly as possible. Among all possible
choices, a recent study shows that BPMN (BusinesseBs Model and Notation) is one of the most
important and popular standard to modeling busipeesess [4]. Unfortunately, BPMN lacks of the
mechanisms to represent data quality concerngdditian, there is no guide either that allows basm
people to incorporate data quality requirements the representation of the business model when thi
is done by means of BPMN. So, as part of our reseis-progress work, and as the main contribution
of this paper, we introduce a methodology hamedsiBess Process including Data Quality view point”
(BPIDQ), that aims to provision a methodologicaprgach for the modeling and design of data quality-
aware business processes as well as the geneddittbe corresponding DQ requirements for the soft-
ware development that support the business prage$hes contribution extends our previous work [5],
which consists of an extension of BPMN 2.0 thabwalbusiness people, in a simply way, to identify th
critical points where the DQ is crucial for the sess of the BP. BPIDQ aims to support the workers
(business analyst/designer, DQ expert and Systatysihto improve the BP by means of some changes
or by introducing new activities that guarantee shésfaction of the DQ requirements and derive DQ
use case for the software development. In addititimer necessary artifacts that complement the -meth
odology are introduced.

The rest of the paper is organized as follow. ac# discusses the related works. The BPiDQ method-
ology and its main components are introduced ini@e@&. To illustrate the use of the BPIiDQ an exam-
ple is developed in Section 4. Finally, Sectioriveg our conclusions and future works.

2. RELATED WORKS

DQ management has been widely recognized as aardlagpect that deserves to be considered in order
to globally improve the effectiveness of organiaats performance [6]. Thus, it is important thasbu
ness people are aware of DQ requirements from dhest stages of the design of a business process,
i.e., business process modeling. The most usedid@es to model business processes, namely BPMN
and UML [4], do not allow process designers toyfglbecify DQ requirements at a high level.

To the best of our knowledge, at the present tittnere is only one specific notation to represent DQ
issues in business process, allowing the depiafomhat its authors hamed information products maps
(IP-MAP) [7]. It permits the specification of busiss processes by means of a conceptual map amt a so
of activity diagrams, in which the efforts corresping to data quality management are properly ad-
dressed by means of some specific constructsrjdedd, BPMN is widely recognized as de facto stand-
ard to model business processes [4, 8]. Its expeesss can be and has been already extendedy-to su
port some other concerns of interests. For exaniplegs been extended to support customer needs re-
lated with quality requirements such as time, cast] reliability [9], to submit/response-style usger-
action [10], to specify non-functional propertiesk as performance and reliability oriented to arab-
terization of the business process [11], to inclBdesiness Activity Monitoring (BAM) relevant con-
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cepts in BP models [12], to capture the temporasmective of business processes [13], to include in
formation coming from sensors and smart device} fbdnodel security requirements [15], to représen
explicitly legal constraints directly by specifictifacts [16], or to analyze business processefoper
mance [17], to name a few.

However, DQ concerns are not new to BP researdn amme existing contributions highlight the need
of addressing DQ in the business process modelimgpgl the design time. So, for instance, in [18],
Soffer explores the inaccuracies of data, the sinavhere the information system does not truffect

the state of a domain where a process takes plheepotential negative consequences of data inaecur
cy are discussed. The work provides the basespposuthe design of robust processes and avoid-prob
lems related to data inaccuracy. Bringel et a[1®] propose a business process pattern to ensiee d
quality in an organization. The pattern consists inusiness process model that can be reused throug
adaptation in specific organizational scenariog. this, they define DQ attributes associated with i
formation entities having different meanings depegadn the business view and the different organiza
tional dimensions. The Data Excellence Frameworgraposed in [1]. This framework describes the
methodology, processes and roles required to genéne maximum business value while improving
business processes using data quality and businkss In this approach, DQ requirements are speci-
fied as business rules. The set of business rulgsosting data quality grows over time as parthef t
process of continuous improvement. Bagchi et al3]rintroduced a business process modeling frame-
work for quantitative estimation and managemendaif quality in information systems. Based on this
framework, they propose to exploit the structurevied by the business process flows to estimate er
rors arising in transaction data and the impacheir propagation to the key performance indicators

Also, Heravizadeh et al. in [20] proposed the QdEitework for capturing the quality dimensions of
a process. The framework helps modelers in idangfyguality attributes in four quality dimensions:
quality of functions, quality of input and outpubjects, quality of non-human resources and quality
human resources. In particular, they specify eldv€nattributes for the input and output information
objects.

Finally, the work presented in [21] introduces soce@cerns focused on the concept of compliance.
Compliance essentially means ensuring that busipessesses, operations and practices are in accord-
ance with a prescribed and/or agreed set of preljalefined norms. Lu et al. consider that a sostai

ble approach for achieving compliance should funelatally have a preventative focus, thus achieving
compliance by design [21]. Their proposal consistgcorporating compliance issues within business
process design methodology to assist process dgsigipecifically they propose to model a set of-co
trol objectives in the BP that will allow processsigners to comparatively assess the complianceeleg

of their design as well as be better informed andbst of non-compliance. A DQ aspect considered in
these control objectives is the data integrity.

The cited studies consider different DQ dimensioriich are summarized in Table 1.
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Table 1. Data Quality Attributes identified in BP modelling.
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3. BPIDQ: A METHODOLOGY TO DESIGN DQ-AWARE BUSINESS
PROCESSES

A methodology is generally defined as a guidelimesblving a problem, with specific components such
as phases, tasks, methods, techniques and toglsN22propose BPIDQ, a methodology to support the
modeling and design of data quality-aware busipessesses and the generation of DQ requirements for
the software development.

BPIDQ uses BPMN as BP modeling language and woitks different models in the two first out of three
levels of abstraction of BPMN [23]. Such levels: die the Descriptive levelwhich uses the basic set of
shapes and symbols that are adequate for the oEbdsiness people seeking to document a proégshe(
Analytical level in which the full set of shapes and symbols camuged to deal with events and exception
handling showing the complexity and depth of thaecpss; (iii) theExecutable levelwhich deals with the
XML language underneath the shapes.

As shown in Figure 1, BPiDQ is composed of foulgseta The first stage (BPIiDQ-S1) in the BPMN
Descriptive level, starts by introducing high-led@® requirements into the BP modél.our work we
have defined as high-level DQ requirement a mackuged into a shape of a BPMN element to highlalgtoint
where the DQ is necessary for the BP sucdesthe second stage (BPiDQ-S2) thigh-levelDQ require-
ments will be refined in order to generate {iewel DQ requirementdn our work adow-level requirement is

a detailed specification that included among othiiwes data involved and a set of relevant DQ dirimarss In the
third stage, (BPIDQ-S3) in the BPMN Analytic levéie DQ requirements will guide the data quality-
aware BP improvement that will imply the additiohnew activities or the modification of the process
flow. Finally, the fourth stage (BPiDQ-S4) suppattie generation of use case diagrams to specify DQ
software requirements.

Standard DQ Use Case
Repository

DQQ Activities
Repository

1D aqer

BPMN 2.0 Exlension

<>

BPiDQ-S1 BPiDQ-S2 BPiDQ-53 BPiDQ-54

Data Quality Bufi“e“ .Process Dg Data Quality Use .)
Requirements Viewpoint Analysis Case Diagrams L)
Specification and Improvement Generation

Development
Software
Process

Data Quality Aware
Business Process
Modeling

Figure 1. Methodology to design data quality-awardusiness processes
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Also, Figure 1 shows that BPiDQ uses three basicpaments to support the stages: (a) dqBP, a BPMN
2.0 extension to include high-level DQ requirements BP model, (b) a repository of DQ activities t
improve the BP from DQ point of view, and (c) aasjpory of standard DQ use cases to specify DQ
software requirements. Such components will beriteet in the following sections together with a de-
tailed description of the BPIiDQ’s stages.

3.1 Components to support BPiDQ
In the following, three components used in BPiDQnuodel and design data quality-aware business pro-
cess and to generate DQ requirements for the s@ftdeelopment are introduced.

3.1.1 dgBP: A BPMN 2.0 extension to support BPiDQ

Various elements of BPMN are used for data reptesien (e.g., Data object or Message). However,
aspects related to data quality cannot be inclidefiis kind of elements using the BPMN language.
Thus, to support the first stage of BPiDQ and licHis gap, we have introduced an extension of BPM
2.0, named dqgBP that enriches the BP modeling Ehrequirements [5]. The high level DQ require-
ments will be modeled in a BP model by means @tatflags, named DQ Flags. The DQ Flags may be
associated with the BPMN data-related elementsa@dtjects, Message, Message flow, Conversation,
Data Store, and Activity) to mark that they arecgydible to be linked to special data quality reeui
ments. We have also defined the synl2jlcoming from merging letters D and Q, to perfoha tark-

ing of these BPMN elements. Consequently, such symioist be included into the shape of the BPMN
data-related element in order to show that theityuail data in that specific point of the proces<iucial

for the business. Table 2 shows a descriptionesigfBPMN elements and their graphical representatio

Table 2: Representation of BP data- related elemesitenriched with the DQ flags
Data-related BPMN element Graphical Repre- Intended use of the Graphical Representation
sentatior

It represents that data contained in the message satisfy some DQ
requirements for the sake of the business suags&ompleteness and
Consistency in a drug prescription from the doiar patient.
It represents that data implicitly contained in thessage (the message
does not appear in the flow) might satisfy somer&firements to develop
success- fully the BP, e.g. Timeliness for a crealitl authorization fron
the bank.

Message: Content of a communication
between two participants. May be data
structured or unstructured.

Message flow:It shows the flow of Mes
sages (explicit with a Message or impli¢it
without the Message) between two Partici
pant:

1)

Conversation: Logical grouping of Mes-
sage exchanges (Message Flows) that
share a Correlation. Conversation has
data contents in the messages included
it.

It represents that data in some messages coniairied conversatior]

might satisfy some DQ requirements for the sakéhefsuccess the

business process, e.g., Security and Accuracyeofiéita interchange
between a customer and an airline Web applicatioingl the flight
booking process.

Data Object: Primary construct for model
ing data within the Process flow in BPMIN.

It can represent a singular object or| a
collection of objects, input data or output
data.

It represents that data in the data object migigfisgome DQ require:
ments to successfully achieve the goals of thenbssi process, e.
Completeness, Consistency and/or Accuracy of tha daEjuired to
successfully deliver and ordered package to amesto

.

mechanisms for Activities to retrieve

It represents that data contained in a data stglet isatisfy some DQ

requirements for the sake of the success of thimésss process, e.g.

Data Store: It provides the necessat
r

-

update stored information that will pers
beyond the scope of the Proc

Activity: Work that is performed within
Business Process. The activity's work may
be the generation/processing of data.

Checking the completeness of the data updated phmlict sale.

It represents that used/produced data in the tctivght satisfy some
DQ requirements to the business success, e.g. B¢k Precision an
Accuracy of the budget generated as the outpueaidivity.

Figure 2 shows graphically the extension in BPMBI @&d the metamodel proposed to support the spec-
ifications of the DQ requirements for each DQ Fiag@ BP model. In white color, Figure 2 illustrates
some classes from BPMN 2.0: (a) the extension nmdainclasses (Definition and Extension) from
where is derived our proposal, and (b) a set of BIRNasses related with dgFlag class (our extension)
In the same figure, in grey color, the metamodat till support the derivation of DQ requirementznfi

DQ Flags in the BPMN model is showed. More detalilsut the extension can be found in[5].
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Figure 2. BPMN 2.0 extension and metamodel to obtaiof DQ requirements from a BPMN model.
3.1.2 A Repository of DQ Activities to tackle DQRequirements

In BPIDQ, the DQ requirements are expressed by mefaome DQ dimensions. The DQ field provides
different DQ models (generic set of DQ Dimensioinsprder to address DQ concerns in different con-

texts [2]. Anyway, these DQ models have to be prigted, and adapted to better fit in specific cxinte

In our work we have decided to consider the mogreaced DQ dimensions in the BP literature (see
Table 1) to define a repository with DQ activiti@stackle each one of them. Thereby, BPiDQ aims to

enrich the BP model including a set of DQ actigtiebtained from the repository, to tackle the @Q r

quirements. Table 3 shows some commonly used D@mians and some DQ activities to be per-
formed in order to guarantee that DQ requiremergssatisfied within the considered Business Process
Note that these activities have been defined iareegc way and they need to be customized on this ba

of the analyzed process and its corresponding gbnte

DQ Dimension

Definition

Improvement Activities

Exales

h

data are sufficiently
updated for the
context and a specif
ic process [1, 19,
20].

for the task.

From different sources, select the
one providing data with the age re-
quired for the process.

Check if data are delivered within
the required time.

Accuracy The extent to which| - Determine the data set, which re- | - The price received by the client for
data reflects areal-| quires accuracy. booking hotel must be accurate.
world view within a | - Verify data provided against the - In a medical prescription, the name
context and a specift  right domain. of the medicines can be confronted
ic process [1, 18, - Verify data coming from alternatives with the Vademecum.

20]. sources. - The weight of a package to be deli
- Clean database to achieve the re- ered must be contained within a spe
quired level of accuracy. cific range of values.

Timeliness The extent to which - Verify if data have the required age| - Check if the same data are in differ

ent company'’s source and if it is
closer to the right age required, and
then take values from this source.
Bank’s response to check a credit
card must be lower than 5 seconds|

Completeness

The extent to whic
data have all values
necessary for a
successful executio
of a process in a
specific domain and

context [1, 19, 20].

Specify which data are mandatory
Verify/Ensure whether all mandator
items of data have values.
Complete data provided with other
sources of data.

Use a procedure to force the delive

of all mandatory dat

y

Check if the same data are in differ

ent company’s and then complete the

golden register

To deliver a package, all data abou
the address and customer identifica
tion must be complete.

Table 3. Example of improvement Activities associad with DQ dimensions.
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3.1.3 A Repository of Standard DQ Use Cases toctde the DQ requirements

Taking into account that the BP will be supportgdab information system, BPiDQ supports the genera-
tion of a set of use cases to represent the DQrezgants for the application to develop. Due t thi
reason, we have introduced as the third comporfdBPiDQ a repository that contains a set of staddar
use cases for each DQ dimension. The use casesbauecustomized and defined by considering: (a)
the definition of each DQ dimension, (b) the seD& activities to address each DQ dimension (tkee pr
vious component), and (c) knowledge previouslyaoted from existing literature contributions or/and
from software developers experience. The ideaas llased on these standard use cases the workers
could specify a final use case version accordintheoBP modeled as it is explained in the following
subsection. The standard DQ use cases do not eorspdcific associated actors because they must be
specified in the final use case diagram (that wéfiresent the requirements of the application whtht
support the BP) as «include» use cases for theases that will have interaction with the real ecto
(system’s users). As an example, Table 4 shows standard DQ use cases for the DQ dimensions for
accuracy (part a) and for completeness (part b).

Accuracy

Verify data with reference
values from a database

Completeness

Verify data with other sources

Verify accuracy of data by
means of procedure

Actor X . .
Check data with the valid Verify missing values in other
domain sources
Transform data using a master Complete data with values in

data other sources

Verify which all mandatory
data have values

Actor

(a) DQ dimension of Accuracy (b)DQ dimension of Completeness
Table 4. Some standard use cases for Accuracy and@pleteness DQ dimensions

3.2 BPIiDQ’s Stages
In this section the four stages of BPiDQ, detailing workers involved, component used, input artd ou
puts for each one of them will be described.

3.2.1 BPIDQ-S1: Data Quality-Aware Business Prose Modeling

This stage is devoted to capturgh level DQ requirementat a BPMN Descriptive Level [23]. Such
requirements are specified by Business People/sisaind are graphically expressed by means ofc#ispe
mark called DQ Flag. Figure 3 shows graphicallg stage highlighting the involved workers, inputd aut-

puts.
g

Business people

Data Quality Aware ¥ e
Business Process | [E 88—

Modeling

BPMN Business
Process model

Business process model
with DQQ Flags

1D daop

BPMN 2.0 Extension

Figure 3. BPiDQ-S1: Data Quality-Aware Business Prcess Modeling
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As showed in Figure 3, the workers start modelimgpa BP or analyzing an existing one. The result
of this stage is the BP enriched with a set of D&y§ that highlight the points of the BP where the
DQ is considered essential for the business suc€hassmain activities involved in this stage are:

BPIDQ-S1.1. Enrichment of BP model with DQ FlagsWorkers model a BP in the traditional way
or start analyzing a BP model created previousgmt/the dgBP extension, workers place DQ Flags
for some data-related BPMN elements where theyttiiat some DQ management activities are
necessary to warranty the BP success.

BPIDQ-S1.2. Registration of additional informationabout the BP and DQ FlagsSome addition-

al information must be registered by means of @xtotations. In particular: (a) business people
must include the identification of each data elereamtained in the data-related BPMN elements
marked with a DQ Flag, and (b) an estimation ofléwel of influence of each DQ Flag in the overall
success of business process ranged as {“Low”, “Mm®dj or “High”}.

It is important to note that this stage is suppdsele performed by business people. Generallykspea
ing, they are not expert in technical issues, baytare expert in their own business processess, Thu
this stage, our aim is to provide adequate mechrenie express in a simple way the DQ necessities fo
a specific BP.

3.2.2 BPIDQ-S2: Data Quality Requirement Specifation

In the second stage, the involvement of BusinesslyatiDesigner and also the DQ Expert is required.
These workers should work together to analyze tbéated BP from a DQ point of view. Figure 4 shows
graphically the involved workers, inputs and ouspoitthis stage.

8’

Business Analyst/Designer

& DQ Expert 1D e (B P
| =
1 =
3 fom i = o
— B BPiD(-52 = B
| Data Quality Business process model with
i jv.-‘eﬂ i }._Jg = final DQ Flags and Metadata
i o [ B Requirements
i o-Ee — T
| B Specification E.

with DQ Flags

=
- DQ
Business process model E Requirements

Figure 4. BPiDQ-S2: Data Quality Requirement Specitation

Taking as input product the artifact generatedhi@ previous stage (a BP model enriched with DQ
Flags), this stage is dedicated to spelaify level DQ Workers must review and analyze each DQ Flag in
order to make a more refined and complete spetiicaf the DQ requirements related with each dine o
the DQ Flags. The main activities involved in thiage are:

BPIDQ-S2.1. Collection and registration of metadataabout the BP and the DQ Flags included
on it. This metadata can be provided by experts ang/cofiware applications (when the BP is ac-
tually implemented and working). We have definectéhtypes of metadata which should be collect-
ed:

0 Metadata about the BP floprovide information related to the BP control flosnd thus some
metadata about the execution of certain activities process. For example, it should be useful
to know the execution probability of each path loe BP. The range for the probability value is
greater or equal than 0 and less or equal thahi%.grobability could be estimated by the busi-
ness analyst from previous executions of the BR, may be calculated taking into account the
alternative paths drawn by the gateways in the BP.

0 Metadata about the BP Performanoefer to the performance conditions or constrawitfin
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process flows. This metadata can be defined eéhéne process or at the task level. In both
cases, the metadata store data about temporattiomsdie.g., maximum time that may be need-
ed to respond to a request).

0 Metadata about Datprovide information regarding the data used thhoug a process. For ex-
ample, for each DQ Flag, and for each data elemerit, the corresponding metadata must be
registered: BPMN element associated with the D@,AIXQ Flag’s path, previous and posterior
activities associated to the DQ Flag, data elerdestription, support (electronic/manual, etc.),
source (internal/external), actions of use (useatoon, modification, etc.), the data volatility
(i.e., permanent or transient information), and s@ther points of the BP where the same data
is used, to name a few.

+ BPIDQ-S2.2. Specification of the DQ requirements foeach data element on a DQ FlagFor
each data element, a set of DQ dimensions alorgthir corresponding level of importance ranged
typically as {"Low’, “Mediuni, “High"} must be identified. The DQ experts must studpeleden-
cies between the DQ dimensions associated with datzhelement to decide if any of them can be
eliminated (e.g., to be incompatible with othefisTdecision must also consider the importance giv-
en to the DQ dimensions.

« BPIDQ-S2.3. Refining the set of DQ Flags in the BFraking into account some of the metadata
described previously, the specified DQ requiremand the cost to satisfy the DQ requirements, the
workers must decide the final set of DQ Flags.th decision the following information is needed:

0 The level of influence of each DQ Flag on the ollesaccess of the BP (registered in the first
stage).

o0 Probability of execution of the path in which edQ Flag is placed (obtained from the metadata
about the flow).

o DQ Flag overhead, defined as the ratio betweemtingber of new activities that has been add-
ed to tackle with the new DQ requirements (onevigtior each DQ dimension) and the total
number of activities in the BP. This factor shoWws bverhead relative of each DQ Flag in the
BP.

0 Business constraints (obtained from metadata giedivrmance).

For example, if a DQ Flag has (i) a grade of inflce higher than another one, (ii) a higher probabil

ity to be executed than another DQ Flag, and diijpedium overhead in the BP, then, the first DQ

Flag is considered more important and could haveerpmbabilities to be addressed.

Finally, the dependencies between the data elenretii® same BP branch have to be studied, (for

example to eliminate some redundant DQ Flags).

As a result of this stage, the final configuratadrDQ Flags for the BP model should be releasedoAl
the documentation about all DQ Flags (data-rel&BWN elements and data elements associated), and
the specification of DQ requirements for it (in Itevel) should be generated.

3.2.3 BPIDQ-S3: Business Process DQ viewpoint Agsis and Improvement

The third stage is devoted to analyze and decidentbst suitable way to improve the BPMN model
from the DQ point of view. This stage is executétha BPMN analytic level [23], and the workers in-
volved are the Business Designer and DQ ExperurEi®¢ shows graphically the workers, inputs and
outputs of this stage.
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Figure 5. BPiDQ-S3: Business Process DQ viewpoinhAlysis and Improvement

As showed in Figure 5, in this stage the workersegate the final version of the BP model. This iers
will include the modifications needed to address BQ requirements and defined taking into account
the metadata associate with the BP to decide thedodution. In this stage, the following activitiare
executed:

- BPIiDQ-S3.1. Selection of the improvement actions ifo satisfying the Ilow-level
DQRequirements Considering the DQ requirements in each DQ Flad) some metadata, a set of
new activities should be selected to assure thgquade level of DQ for the data in the BP. Thus, the
BP model will be enriched with the inclusion of nestivities in order to avoid some DQ problems
and consequently to minimize the risk due to padadjuality. The activities will be provided from
the DQ activities Repository (component of BPiD@vpously explained) that contains a set of DQ
activities for each DQ dimension and considerirggube of data (creation, use, modification).

- BPIDQ-S3.2. Improvement of the BP model to satisfihe DQ requirements.Taking into account
the DQ requirements, the flow of the BP and theo$etew DQ activities selected to be included in
the BP model, workers must study how to changeBthenodel in order to assure the most appropri-
ate configuration to satisfy the DQ requirementisTmeans:

0 Generate alternative BP models, which integrateDieactivities to satisfy the DQ require-
ments in the BP flow. For example, alternative ni®diepending on the actions to develop
where a DQ problem raises may be generated, otteenf to abort the execution or another
one to develop some actions and follow the exeoutio

0 Study the BP flow to decide whether it is necessangdefinition of it in order to satisfy
some DQ requirements. For example, if two sequleatiivities are independent between
them, then, they can be executed in parallel iriotd improve the time-related data quality
dimensions.

o Evaluate the proposed alternatives and select tst saitable one that better satisfy both da-
ta quality requirements and the business object&enst-benefit analysis must be conduct-
ed, considering the costs of the implementatioa,uber satisfaction, the success of the BP,
etc.

In this stage, the final version of the BP will ldeased. This stage works with the BP model at the

BPMN analytic level what allows modeling the BPhwhore details than at the BPMN descriptive level.

Thus, considering the granularity of the activitinghis level, we have decided to generate theahod

with two levels of details. The first one will ingle, for each DQ Flag, a set of collapsed sup-pEs

Each one of these sub-processes represents a D&pgion that must be assured for the data element

involved in the DQ Flag. The second, for each dnth@se DQ collapsed sub-processes, in a lowet leve

of detail, will include an expanded Sub-Process toatains all the activities selected to assueecibr-
responding DQ dimension.

3.2.4 BPIDQ-S4: Data Quality Use Case Diagram Geration
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The common next step for the business process imgdebnsidering for example an MDA approach, is
the development of software to support it. Thus, fiturth stage of BPiDQ represents a first approach
toward the definition of requirements for develagpiapplications able to satisfy the specified DQ re-
quirements. For doing so, we provide the supponegns of the generation of a set of use cases that
represent the requirements related with the a&sviin the BP that tackle the DQ expressed like DQ
Flags. Figure 6 shows graphically the workers, ia@und outputs of this stage.

.
—
System Analyst
Designer & DQ Expert

O

BPiDQ-54

Case Diagrams e
Generation A 4

Use CasesforDQ

gr— e
Standard DQ Use
Case Repository

Figure 6. BPiDQ-S4: Data Quality Use Case Diagram éheration

Figure 6 introduces the involved workers: Systenalfst and DQ Expert. Based on the BP refined with
DQ activities and a set of standard use cases (fhemepository explained in section 4), these ek
will instantiate a set of use case diagrams cugtednfor the specific BP. The following activitiesedo

be executed in this stage:

Data Quality Use

BP refined with DQ activities

- BPIDQ-S4.1. Generation of use case diagrams basen the DQ requirements.Foreach DQ col-
lapsed sub-process incorporated in BP, the wonkétsselect the appropriate use cases from the
standard use case repository. Indeed, they muesttdble use case based on the DQ dimension relat-
ed, and the activities contained in the expandddocess.

- BPIDQ-S4.2. Customization of the use cases with tispecific BP.The workers will refine the DQ
use cases diagrams generated, customizing theasss with the BP. From the swimlanes, they can
identify the actors. From metadata, they can asotify the data elements to be manipulated, thierac
developed with the data (creation, eliminations®)uthe sources of data, etc.

Thus, in this stage a set of use cases diagrartableaof input for the software development will fo®-

duced. Our intention is that the developers canveare as early as possible of the DQ requirements f

the BP, and they have a set of seminal use caseplement the software considering DQ issues.

The following section illustrates the use of BPib®means of an example.

4. AN EXAMPLE OF THE APPLICATION OF BPI DQ

Let us consider the process of payment and deliwktlye ordered products. The description of theoBP
this example starts with the payment phase. Thenpay can be processed in two different ways: by
credit card or by cash (or check). If payment islenhy credit card, it is necessary to ask for earthor-
ization to the «Financial Institution». If the ciedard payment is not authorized, then, the prodes
ishes. If the payment is performed by cash (or khew controls are needed. When the payment is com
plete, the Distribution Department prepares thekpge and delivers it to the customer, and aftey; thie
process ends. The remainder of this section istddwo demonstrate how the proposed methodology can
be applied.

In the first stage BPiDQ-S1Data Quality Aware Business Process Modélingusiness people must
identify which data-related BPMN elements couldsbsceptible to be linked to DQ Flags. In our exam-
ple, two DQ Flags are defined. The first one, nam&dlagl, is associated with the Data Object needed
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as input in the Delivery package to custonieactivity (see Fig. 7). This Data Object contaiheDeliv-

ery Orderwith the customer information necessary to deliher package (identification, address). The
second DQ flag, named DQFlag2, is associated WwighMessage Flow coming from the Financial Insti-
tution pool to Sales lane. This Message Flows dostdieFinancial Institution responsa message with
the authorization or the rejection to process tagment with customer credit card. As output of this
stage, the business process model shown in Figisrgéherated and enriched with symbol for DQ Flag.
In this figure it is possible to see how the datiated BPMN elements have been marked with thei@pec
symbol12. Also, workers registered the additional inforroatabout DQ Flags, data-element identified
and their influence in the BP success, in a terbtation artifact.

T
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Package for
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Figure 7. lllustrative example: BPMN model with DQFlags.

Financial
Institution

In the second stage RPiDQ-S2. Data Quality Requirements Specificatiprthe workers (Business
Analyst/Designer and DQ Expert) register metadbtauithe BP and DQ Flags. They also reviewed each
one of the DQ Flags to specify the correspondimglével DQ requirements. For performing the realiza
tion of theDQFlagl, the definition of eDQFlagSpecificationis required. Therefore, they must define
the DQ dimensions, and their importance. DQ reaquénets forDelivery Orderinvolve two DQ dimen-
sions, which are considered as relevant for theA&Ruracy and Completeness. On the other hand, for
the DQFlag2 the DQFlagSpecification2s defined and DQ Requirements for “Financial tusibn Re-
sponse” consider the DQ Dimension Currentnessdttitian, for the two DQ Flags the probability of
execution and overhead (and some other informatoa)obtained and/or calculated. Most important
details about both DQ flags specifications are shawTable 5. Taking into account the available in
formation, the workers must decide the definitieeaf DQ dimensions for the data elements in ea@h D
Flag. Besides, they must decide the final set offlggs. In our exampl®QFlagl has aHigh impact on

the success of the business process. Even if déngy ot any initial knowledge on the process exeout
the estimated probability of execution of the defijvaction is75% because the BP flow shows (taking
into account the exclusive gateways) that in soases the activity related with the DQ Flag may be n
executed.

42



ICIQ 2012, the 17th International Conference oroinfation Quality

Table 5. DQ Flags specifications

DQFlagSpecificationl DQFlagSpecification2
BPMN data element Data Object BPMN data element MessageFlow
Influence High Influence Medium
Probability Exec. 75% Probability Exec. 50%
Overhead 2/8*100=25% Overhead 1/8* 100 =12.5%
£ [Data Elements & |Data Elements
£ [Name Delivery Order £ [Name Financial Institution response
'é Description Delivery order (customer information) 'E_ Description Message from the Financial Instiution
Z |Support Electronic & |Support Electronic
% Source Internal % Source Internal
= DQ Requirements & DQ Requirements
g Accuracy High g Currentness High
Completeness Medium
(@ ®)

The overhead associated with this DQ Flag5%because in order to tackle with the DQ requiresient
two new activities must be included in the prodsse in grey colour, the new activities in the sdfte of
Figure 8).
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Figure 8. BP model imprdved.

DQFlag2 has aviediumimpact on the success of the business processprobability of requesting the
payment authorization i80% because when the payment is not performed bytcoadd the activity
related with the DQ Flag is not executed. The ogadhassociate to this DQ Flagli®.5%because to
tackle the DQ requirements must be included a redivity in the process (see, in grey colour, thavne
activity in Figure 8 (left side)). Finally, sincke data elements associated with each DQ Flagraceat
for the business process success, the workersatktidmplement the improvement actions for both DQ
Flags. Note that in this stage the BP is modifieguding a new activity (collapsed sub-process)efach
DQ dimension in each DQ Flag point (BPMN Descriptixevel).

In the third stage BPIiDQ-S3. Business Process DQ Viewpoint Analysiklemprovement), the busi-
ness process designer and DQ Expert must decidghwpiecific DQ improvement activities should be
adopted. First, and considering each DQ dimensi@ngage, the use of the data elements and the-nece
sary information recollected, they must select fribi@ repository the most suitable activities. Attas,
workers must evaluate the possible alternativastegrate these new activities in the BP. In ouarex
ple, the activities selected and their flow is shdwn Figure 8 (right side). Note that in this gdge
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collapsed sub-process are replaced for expandegdrsgbss, considering a more detailed level inBRe
model (BPMN Analytic Level). Finally, in the fourtstage (BPiDQ-S4. Data Quality Use Case Dia-
grams Generation)' the Use Case diagrams which specify the DQ reqents for the software that will
implement the improved BP model must be generdibds, in our example, the standard use cases for
each DQ Flag and the corresponding DQ requirenvests firstly selected. After this, the workers ocnst

ized the use cases the BP modelling. Figure 9 stimvase case diagram generated for the requirsment
lated with the DQFlagl.

Delivery order
Accuracy

werify customer

Prepare - informationwith reference
package for . values fromreal world

payment

Verify customer

> information with other
&7 o sources
P Completeness

Distribution i o
Delivery 27 winelude» Verify which all mandatory

Package to S data about customer

Customer L information have values

verify missing values about
customer information with
othersources

Figure 9. Use case diagram for the BP model.

The use case diagrams generated in this stageeaegigy and they constitute a very first approaeh t
wards the software development. In our opiniorhalgh in a simple way, this example demonstrates
that our methodology is useful to involve the basm people since the earliest definition of the 18Q
quirements of their business process.

5. CONCLUSIONS AND FUTURE WORK

Poor data quality has severe impacts on the peafoceof an organization. Most of the organizatieres
aware about data quality issues, but frequentdy tho not have a proactive attitude to addres®®erob-
lems before their apparition. To this aim, in thaper we have presented the BPiDQ methodologyighat
oriented to support the modelling and design oA dpatality-aware business process and the genetion
DQ requirements for the software development. BP&NQws business people to include DQ needs in
business process modeling using DQ Flags. Theraoh one of these DQ Flags, BPIDQ allows workers
to specify DQ requirements that will drive improvemts over the original BP model in order to guaran-
tee the DQ level required. Furthermore, the methagosupports the specification of use cases fer th
data quality-aware software development. Our futmoek will focus on three different goals: (a) Con-
duct some more case studies to obtain the opimonfeedback of the different workers involved, (b)
Build a tool to support the methodology allowing thutomatic development of some activities, and (c)
Refine the methodology stages in order to bettppst the process improvement.
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Abstract: Recent federal requirements in the United Stataadate sharing of research data, meaningful use of
health information technology, and data standatidimafor regulatory review of marketed therapeutithese re-
quirements are predicated on the assumption thhth®althcare organizations and the public willdférfrom the
enhanced secondary use of healthcare data. Becacsssary standards are lacking across most ¢lthexapeutic
areas, large-scale efforts are underway to cragtteodtative, consensus-based, and publically akel standard
data element sets. Knowledge acquisition is a layponent of such efforts to improve information lifya
through decreasing semantic and syntactic vartghiliclinical data, i.e., data standardizationeTdxtent and im-
pact of semantic variability has not previouslymegorously assessed in clinical research. Suthaaacterization
informs data standardization efforts and providesrits to support data governance efforts. Thislarteports 1)
evaluative data describing a potentially more daalprocess for the knowledge acquisition, synthasid defini-
tional aspects of data element standardization ncharacterizes the semantic variability comporaninfor-
mation quality in data from pivotal clinical triails schizophrenia.

Semantic variability in clinical trials for Schizbpenia compounds recently reviewed for marketindh@uzation
was substantial, implicating semantic variabilisyakey information quality problem in secondarg o$ clinical
research data. Based on the relatively high prapodf data elements that the synthesis and clingséew process
marked for deletion, an appreciable amount of teemantic variability was unnecessary. The form-based
knowledge acquisition method used achieved 95% doroaverage as adjudicated by clinical experts and
outperformed knowledge acquisition from experts.thii mental health, form-based knowledge acquisitio
appears to provide a feasible production scalddite element standardization.

Key Words: Data Quality, Information Quality, Data Standar@ata Elements, Data Governance, Knowledge
Acquisition, Clinical Research
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INTRODUCTION

One of the most fundamental questions in biomedidarmatics is how to represent data, information,
and knowledge in ways that allow them to be exchdrand used by computers and humans [1-3] — in
other words sharing unambiguous meaningsesnantic interoperabilityCurrent data standards used in
clinical research are insufficient to support seghhange and reuse of data. [4-ABhough data may be
pooled across clinical studies and exchanged arooyanizations, semantic and syntactic variations in
these data often necessitate extensive and bumtensmnual procedures to ensure usefulness. A 2001
study conservatively estimated that data transfess the clinical trials industry $156 million pgzar, a
significant proportion of which is attributable leck of semantic interoperability. [11] Further nléing
data variations often result in difficulty reusidgta for research, [4, 12-1&)d may cause degradation
and loss of information. [14]

In therapeutic development, as in other industties,data element is the fundamental unit of exghan
As such, the data element is the level at whichdsiedization and metadata governance should oAcur.
brief summary of data element approaches to infoomaepresentation, documentation, and exchange
in health care has previously been published. fl&lough historically deemed impossible, standadiz
tion of data elements to support patient care dimical decision-making is increasingly considered
part of the solution to the problems of lack of saiic interoperability and poor information quality
health care. The real challenge associated witht@ element approach lies not in the usefulneskaiaf
elements as such; indeed, most meaningful dataaegehand reuse today is based on data elements.
Rather, the challenge lies in 1) the large numlbetata elements in need of standardization, anthe?)
investment required standardizing and maintaintmgnt. The latter includes not just representational
aspects such as scale, enumeration, data typeirétsdbut also the time required to obtain authtisie
agreement on semantics, including paring potedash elements down to atomic concept(s), identifica
tion of semantic matches (e.g., synonymy, or differwords with equivalent meaning) and semantically
similar terms, including differentiation of the tat. Further, in health care, adoption of stand#ath
elements depends on their value proposition, their 1) authority, 2) consistency with existing rer
quired data, and 3) benefit to the organizationiadv/idual responsible for collecting the data.

Until recently, efforts aimed at standardizing daliements in health care have focused on a spesific
e.g., a research study or disease registry. [15) Onited States National Institutes of Health (NIH)
funded initiatives sought to change this paradigmineluding primary and secondary data use stake-
holders when defining standard data elements fptirpose of supporting both primary and secondary
data uses. These initiatives, conducted in thddief cardiology (acute coronary syndromes [AC8&} a
infectious diseases (tuberculosis [TB]) convenéuiadl thought leaders from medical specialty sbege

in each area and worked with international cliniteught leaders and medical specialty societies to
identify or create authoritative definitions fortdaelements, to represent them in a computableaiorm
and to standardize them through an American NaktiStendards Institute (ANSI) accredited and inter-
national standards development organization, Healttel Seven (HL7).

Both projects, as well as several others since,thame achieved balloted international standards, b
with elapsed times ranging from 1-3 years and petdity ranging from 21 to 139 data elements with u
to 300 associated valid values. Given a contexhofe than 100 medical specialties, thousands ef dis
ease areas, and a rapidly developing clinical sei@nterprise, this is a slow pace. Further, wittost

of such efforts in the neighborhood of $150,000 yesar, [16] most clinical professional societievéa
not yet sponsored their own efforts. When we carsttie tipping point represented by United States
federal incentives for “meaningful use” of healtfiormation technology that include use of health in
formation to increase the proportions of patiehtt receive guideline-recommended care, medical spe
cialties have an increasingly compelling reasopuisue data standardization.
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In addition, the promise of widely available heatite data gives secondary data use stakeholddytéc(pu
health, research, regulatory reporting, therapedgieelopment, etc.) significant motivation to engag
More scalable processes for identification, syrithemd ultimately standardization of clinical daie-
ments would benefit all stakeholders, and indeadlip health.

BACKGROUND

In December of 2010, the Center for Drug Evaluatod Research (CDER) of the United States Food
and Drug Administration (FDA) published the initigrsion of their Data Standards Plan, [13] the pur
pose of which is to support and promote developroédiata standards for all key data needed to guide
regulatory decision-making. Following publicatiohtbe plan, CDER posted 55 (how 58) priority dis-
ease/domain areas for data element standardizglidhand an R24 program announcement entitled
Data Concepts and Terminology Standards for ClihRasearch and Drug Developmewhich essen-
tially called for standardization of data elemeimtslisease/domain areas of high impact for regnjato
decision-making. [16] Work is underway in eighttbé priority areas. [14] The FDA has distinguished
its approach from predecessors by embracing a &i@gurce philosophy, also known as collect-once-
reuse-many: “Ideally, data requirements for muitipse cases (e.g. healthcare, clinical researdficpu
health reporting, regulatory review) are used &atg a “superset” data standard that supports pteulti
uses of the data,” under the rationale that harpadioin between healthcare and secondary data ases ¢
overcome information silos that hamper assessna@ntss a medical product’s lifecycle. [14] Whilésth
program is sponsored by a United States FDA, itfaaseaching international impact because a signif
cant portion of patients enrolled in clinical tsadubmitted for marketing authorization in the &dit
States are enrolled in countries around the wd¥lden participating in clinical trials to be subradtfor
regulatory review in the United States, internadiodinical investigational sites are subject toitda
States regulations. Further, while available resesirand tests used to diagnose disease and dsorder
may vary internationally, much of the informatioengrated and used in patient care remains the same.

Data standards currently used in clinical researehinsufficient to support the exchange and raiise
data necessary for regulatory decision-making. dlgh data can be pooled across clinical studies and
exchanged between organizations, variations in ingameasurement, recording, formatting, and cod-
ing systems usually necessitate manual and poiptitet mapping. This in turn can render data inaece
sible or altogether unusable, or may lengthen edgoy review processes. For the current data stenda
for regulatory submission of clinical trial datdnet Clinical Data Interchange Standards Consortium
(CDISC) Submission Data Tabulation Model (SDTM)ptehief problems exist:

1) The SDTM today does not provide for unique mapmifigome data into the model; i.e., more than
one mapping of fields from a data collection fowrthe SDTM can be conformant, [12] meaning
that for some data the current version of the SOVM?2) is underspecified. [12]

2) The SDTM v1.2 primarily addresses data that arentomacross therapeutic areas; e.g., adverse
events, demography, vital signs, and physical exdims SDTM standard today lacks coverage of
clinical domain-specific data such as efficacy datt are critical to drug evaluation and regulato-
ry decision-making.

In noting these two problems, we emphasize thatchtique should not be interpreted as undervgluin
the strong body of work represented by the SDTMhRa the problem statement reflects the complex
reality of semantic interoperability in health camad clinical research, and provides an indicatibthe
work that lies ahead of us.

Unfortunately, in health care, the needed degremitifority for clinical definitions can only be derred
by the authoritative clinical specialty societyg.ea working group of experts convened by the @itk
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tive clinical professional society or societiesheTmost scalable process will likely be one thdinciges

the use of such highly skilled resources. Becaasi®mal or international standards are usually iregu

for widespread adoption, expertise in informatiowd &nowledge modeling is also required, as is the
open and consensus process of an accredited SianDavelopment Organization (SDO). While the

latter are established, e.g., through Health L&elen (HL7) the ANSI accredited SDO for healthcare,
acquisition of authoritative clinical expert knodfge remains a major challenge in standardization of
clinical data elements.

In therapeutic product development, a significanirse of expert knowledge exists in the data cbbeac
forms used for the clinical trials submitted fornketing authorization; leveraging the knowledgeazthic

ed in these forms may decrease the time requioed iindividual experts and clinical professionalisec
ties and optimize their involvement in such effottowever, because the source originates from one
particular secondary data use, clinical reseatahay or may not reflect the focus on health ches we
primarily desire. The amount of semantic overlajween a clinical trial and standard of care fofedif

ent trial phases is driven by the research goaldesign. Briefly, in late-phase research the meishan

of action, efficacy, and gross safety have beeasblished by preceding studies; thus, late-phassarel
typically involves large, simple trials and obsdivaal studies that assess how the new therapypnpesf

“in the wild.” Alternatively, in early-phase resefr special data may be collected to confirm meishian
action, e.g., bronchial biopsy or washings for apegimental asthma drug that are not collectedngduri
routine asthma management encounters. Thus, daabepresearch should be expected to have substan-
tially less semantic overlap than late phase rekear

Phase lll clinical trials are those upon which negirkg authorization decisions are based; the attiadd
submitted as the basis or a marketing applicatiencalled Phase Il pivotal clinical trials. As $uave
expect significant overlap with data generated et in standard care in the therapeutic area., Tises
of data collection forms from phase Il pivotakis may be a good, but not complete source of dareli
data elements for “single source” data standartsiruse for such requires some involvement ofether
peutic area experts.

METHODOLOGY

We report empirical observational data from a niedifprocess for knowledge acquisition, synthesis,
and definitional aspects of data element standatidiz. The modified process uses data collectiom$o
from phase Il pivotal clinical trials as the soeraf knowledge. Data elements are abstracted flona ¢
cal trial data collection forms and semanticallyigglent data elements are synthesized to obtaét af
semantically distinct data elements. Definitions drafted from form context and the available #tare.

The data element set is ultimately subjected terirational ballot according to HL7 process. Measur
of time required, number of data elements defitaed, healthcare content coverage were collected from
the data element abstraction, synthesis and clieixpert review process. These measures were com-
pared with those from the prevailing knowledge asitjon method, knowledge acquisition from clinical
experts, to evaluate the modified process. Impdstathis work provided the opportunity to charace
semantic variability in Schizophrenia clinical triata.

Data Element Knowledge Acquisition

New drug approvals for compounds with a schizoplaremication since 2006 were identified from the
FDA New Drug Approvals Database. [17] The dataemilbn forms for pivotal clinical trials used to
guide regulatory decision-making regarding efficaogl safety of these compounds were reviewed. Data
elements specific to schizophrenia were abstrabtethe author using systematic document analysis
techniques. Data elements included on validatedtoqumnaires were explicitly excluded because by vir
tue of inclusion on such an instrument, these degaments are already semantically standardizedr&Vvhe
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guestionnaire data elements were used outsideeofdhtext of the questionnaire, they were included
because such use invalidates the data elementgeaannaire items and is often subject to userifinod
cation. For each data element, the data colledtion page, form module name, prompt (item) number,
prompt text, data format, valid values, and repreg@nal notes were listed in a spreadsheet. Timese
cluded essential attributes of a data element fasedieby the ISO 11179 metadata registry standag].

For the initial five trials, the entire data coliien form was abstracted to assure the categarizati data
elements as schizophrenia-specifersusnot schizophrenia-specific was reproducible; afted, only
new schizophrenia specific data elements were adistt. The data element acquisition process was
systematized so that no decision-making was applibér than categorization of a data element as
schizophrenia-specificersusnot.

Data Element Synthesis

For each trial abstracted, a new set of columns adaed to the spreadsheet, semantically equivalent
data elements were listed on the same row, senadipt&gmilar and semantically distinct data elensent
were listed on separate rows. In this way, semanttching was performed during abstraction. Data
elements were grouped in adjacent rows on the gpheat according to semantic similarity and topical
ty. Thus, semantically equivalent data elements fdifferent trials were listed on the same row and
different set of columns. For example, data eleséoim two different forms that represented the esam
concept but used different valid values were lisiadhe same row. In this way, the information eont

in the form context was preserved, and the abstaictformation was condensed into a set of distinct
concepts. After all data elements were abstratieddata elements were reviewed to identify angipos
ble semantic matches that were missed. A draftimétion model diagram was created as a visual repre
sentation of the data elements.

Data Element Definition

Data element definitions were drafted based onfehm context, the clinical literature, and National
Institutes of Health knowledge sources, e.g., thedigal Subject Headings vocabulary. Using
Chisholm’s classification of definition types, [18%sential, distinctive, and genetic definitionsevere-
ferred over nominal, ostensive, causal, accideatal, stipulative definitions. In mental health,rartta-
tive definitions of psychiatric disorders existthie Diagnostic and Statistical Manual of Mental ddis
ders, Fourth Edition text revision (DSM-IV-TR). @aglement definitions explicitly relied upon or re-
ferred to the DSM-IV-TR for definitions of disordeand diagnostic criteria. Areas of definitionaten
tainty and remaining questions about semantic anitylor the scope of concepts were flagged forerev
by the Clinical Expert Review Committee (CERC) cened for the schizophrenia data standards devel-
opment effort. The draft data element set withrdigdns, data format, and valid values was prodide
the CERC for review.

Data Collection for Metrics Evaluation and Semanti¢ariability Characterization

Time spent on data element abstraction and syistexs recorded during the abstraction. Followirgg th
abstraction, the spreadsheet described in the ¢irecsections was analyzed to obtain the percerdgfge
therapeutic area specific data elements and theirinod new semantic content added by each trial and
form abstracted, as well as reasons for the nevastocontent. The concept “new semantic content”
was operationalized by the occurrence of a newsancantically distinct data element. This was used t
calculate the new semantic content contributed dguentially abstracted forms. Each occurrence of
new semantic content was reviewed and labeled avistatement of the apparent purpose for the new
semantic content. Because clinical trials are mebeaxperiments, the purpose for variables is Ugual
evident in the variable, e.g., outcome charactgomapopulation characterization, protocol adhegen
The statements were coded with categories arisimg the data resulting in seven categories.
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The data element set was reviewed by a ClinicaeBxReview Committee (CERC) of nineteen clinical
thought leaders in schizophrenia pharmacotherapeutevelopment (one representative per
organization). Comments were also received fromRB& review division for a total of 20 CERC
members. The CERC was convened for the purposesofriag that the data element set was complete
for data generated and used in the diagnosis aadntent of schizophrenia applicable for regultory
decision-making, that the data element set includigtdh elements that were reasonably necessary for
regulatory decision-making regarding pharmacotheutips with a schizophrenia indication, and that th
definitions were clinically accurate. The CERC wagvided the list of 86 (expandable to 204) draited
elements as well as a visual representation (& stébrmation model in the style of a Unified Mdutg
Language [UML] class diagram was used) and instostfor review. The CERC was asked to review
the data element definitions and to consider theviing questions:
1. Are there any data elements in the list/on tloelehthat are not relevant for regulatory decision
making in Schizophrenia?
2. What relevant data elements are missing?
3. Are the valid values for each data elementhatappropriate level of detail, exhaustive and mu-
tually exclusive?
4. Are the relationships (grouping in boxes andeissions shown by lines) in the model accurate
according to how you relate the data elements @atth other; are there any missing?
CERC members recorded their comments on a coplyeotiata element spreadsheet. CERC comments
were collected after the review and each commestlagged. A comment disposition (persuasive, not
persuasive, and no change indicated) and dispositition, e.g., update the definition, delete thtad
element, was recorded for each comment. In this wesgrics on the number persuasive, supportive and
not persuasive comments were captured, as wasviralbimpact on the draft data elements based on
the review, e.g., number of data elements adddetedk and modified.

RESULTS

Data collection forms for seven New Drug ApplicaBoNDAs) approved between 2006 and 2010 were
reviewed and abstracted. A total of 20 data cdbectorms with an estimated 550 semantically unique
data elements per form were reviewed, for a tdtallgD00 data elements.

New semantic content

The data element synthesis resulted in 86 schieodmspecific distinct semantic concepts. The dveft
included an additional 118 candidate data elemtatswere suggested to the CERC for exclusion. The-
se were relevant to schizophrenia, but were ettimrght to be too detailed or were elsewhere standa
ized. After synthesis, the 86 core data elementg \aealyzed to explore the amount of new semantic
content added for each additional compound anddhatracted. As expected, the first trial absadct
contributed the highest number of data elements-rifpwene. Four trials contributed no new data ele-
ments. At the onset of the project, an asymptdfiecewas expected, wherein each subsequent tiial a
stracted would add fewer new data elements; howeveractual results contradict this. Figure 1 show
the number of new data elements contributed pexresgial trial abstracted; bars with the same ft-p
tern are from the same compound (from left to rigbtnpounds A-G). One data element was accidently
not associated with a trial and could not be cadifie this analysis. The results do show a trenddst

of seven compounds, Compound C) toward diminutibnew semantic content from sequentially ab-
stracted trials within the same compound. When xznéned the compound that did not conform to this
trend, we found that the trials were similar inigago those for the other compounds, i.e., alksterm
studies in hospitalized patients. The last tridbécabstracted included a broader set of patiéets gnes
with either of two mutually exclusive diagnoses) baly two of the added data elements were attaibut
ble to the broader patient population.
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The difference in semantic content on the dataectibn forms for Compound C (trials 6-9) is attitdod
to the four abstracted trials having been condubyetivo different sponsor organizations.

New Semantic Content Contributed by Each Trial
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Figure 1. New semantic content contributed from seagential abstraction of 20 trials

To characterize the variability in semantic contesaich of the 64 data elements contributed froralg &
through 20 were reviewed and labeled with a stamroéthe purpose for the new semantic content.
Seven categories were synthesized from the statsmbBen instances of “addition of derived concept”,
i.e., rather than collecting the raw data from whibe was derived, were noted when a data element
whose value could be deterministically calculatef existing data elements from previously abs#@ct
trials was added; for example, the addition of @ @dement for age at diagnosis when diagnosisatate
patient's date of birth were already collected. T instances of “addition of extraneous variable”
comprised cases where a semantically new data ptewses added to further characterize the disorder
(17 elements, including severity, frequency, origgletc.); to characterize the treatment (fiveadat
elements); or predisposing risk factors such aslyamstory of disease (two data elements) anddai
element would plausably be used to explain treatrefects or lack thereof.

“Procedural adherance”, eleven instances, althalgh a possible extraneous variable, included data
elements collected to confirm completion of studggedures (for example, a check box to indicaté tha
the schizophrenia diagnosis was made based onesi@anch protocol-required instrument). The two
“subsetting” data elements were those used to aepthre data for analysis; e.g., a data elemelabt

the DSM-IV diagnoses as Axis | vs. Axis Il, or ataleelement to label the relative in which a
predisposing family history was reported. The fimstances of “additional context” included cases
where the new data element provided additionakinéion, further qualified, or added specificity fm

existing data element (for example, the data eléritdagnosis date” in the case where date of diagno
was not previously collected).
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The category “outcome characterization” (14 ins¢gs)cincluded new data elements that collected
information about a new outcome, or the previoushgpecified extent, frequency, or severity of an
outcome, such as rehospitalization, reason fodméssion, or continuation of study-required

hospitalization. Subgroups of data elements withia “outcome characterization” category included
three safety data elements and eleven efficacyomécdata elements. Finally, the five instances of
“new level of granularity” was used for new datareknts pertaining to the same concept as an axistin
data element, but at a higher or lower level otraosion: for example, “number of prior hospitatias

for schizophrenia” as an existing data element antew data element collecting “number of prior

psychiatric hospitalizations.” In this case, psgttc hospitalizations may include an admission fo

major depressive disorder, whereas number of pospitalizations for schizophrenia is more specific

Reasons for New Semantic Content
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Figure 2. Categorization of reasons for new semautticontent

The number of reasons for semantic additions daud from Trials 2-20 is shown in Figure 2
(categories are not mutually exclusive). There w&keotal reasons applied, with seven data elements
having two categories applied. Importantly, the Igsia concentrated on semantics only. Although
representational differences such as collectionthef same concept with two different scales or
expressions of valid values often imply importaniffedences in information content, [20]
representational differences were explicitly exelddrom the analysis.

Volume and time metrics

In addition to new semantic conterlume, elapsed timeandtime on taskwere collected to further
evaluate the form-based knowledge acquisition ntetiithe data form review and abstraction was
completed in 103 hours comprising three on-sitesisas. The elapsed time for the abstraction was 2
months, with an additional 2 months of preparatthming which the forms to be abstracted were
identified from publicly available medical reviewports, versions of the questionnaires referencéae
reports were obtained and abstracted, and therezhjbiackground and security checks occurred. The
total time on-task averaged 0.56 minutes per dat@aent reviewed, and 1.48 minutes per data element
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abstracted. Both metrics are given because ther lafill vary with the percentage of reviewed data
elements abstracted. In this case, after theffsttrials, only new schizophrenia-specific dataments
were abstracted for the second and subsequent foomsa new compound. Similarly, the number of
minutes per schizophrenia-specific data elemertratied was calculated to range from 29-72 minutes.
The range is provided because there were 118 dat@erts in addition to the core 86 that while they
were schizophrenia relevant based on content, #ta elements were either too detailed or defined
elsewhere in more general standards, e.g., dat@eats regarding administration of antipsychotias ar
standardized in the concomitant medications donwirthe CDISC SDTM. These 118 “possible
candidates” were described and their inclusion xausion was determined by the Clinical Expert
Review Committee.

The CERC review period for the set of 86 draft dalaments lasted 1 month and generated 395 total
comments from eleven of the twenty members. Of3®& total CERC comments, 157 were persuasive
(resulted in the addition, deletion or update ofla#a element), 94 not persuasive (did not prompt
addition, deletion or change in a data element), 54 were supportive (stated agreement with the da
element, it's definition or representation). Thentoents resulted in the deletion of thirty severadat
elements and exclusion of 117 of the 118 aforeroeat “possible candidates”.

Seventeen data elements were added based on thé G#fments. Five of the seventeen added data
elements were the result of resolved conflatioes, suggested to the CERC instead of the confiatia
thus not new content. Three added data elementsaliernate operationalizations of existing consep
One added data element was a qualifier. One addtd element were promoted from the “possible
candidate” list, and four others from concepts ssted to the CERC as possible missing data elements
One added data elements was an adherance varigdted to encompass three different existing
operationalizations. And two data elements weeddas semantically new concepts, i.e., not idedtif
from the data collection forms.

Thirteen data elements were modified based on tBRC comments (fourteen total modifications
because one data element had more than one typedification): eight modifications were to indicate
precision, specifically the data element definitisras modified to encompas both self reported
information as well as information obtained fronmidal records. We anticipate adding contextuahdat
qualifiers to these data elements to allow indarabf the information source (patient or proxynidal
records or Both). One modification changed a dd¢@aent name to more accurately represent the
intended scope, two modifications were semanticgbs, two modifications consisted of definitional
clarification without semantic change (the repatiperiod was constrained from lifetime to past 24
months), and one modification was to a valid vadae Having only two added data elements containg
new semantic content provided a clinical expertuditipted domain coverage of better than 95%.
Further, semantically, the subsequent HL7 ballotegldtwo data elements to the set; these two weee da
elements identified in the knowledge acquisitioms# and deleted by the CERC as less important than
the others. The HL7 ballot comments also refinacsd definitions for clarity, but added no additid
semantic content. This in addition to the consisgein the CERC comments suggests that form-based
knowledge acquisition method provides reasonablmpteteness with respect to available expert
knowledge.

DISCUSSION

Data definition (semantic standardization) is st jimportant for organizational data governance,i®
critical to our ability to use data for secondamalgses in healthcare. Many of the use cases for
secondary data use in healthcare involve use af labrganizations other than those in which thia da
originated — thus semantic standardization musbimader than any one organization. Definitional
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(semantic) variability has been cited as a battesecondary use, but this variability has not joesty
been rigorously analyzed in clinical research nas Hs impact on data standardization. Ongoing data
standardization efforts, using forms submitted impmort of regulatory authorization for
pharmacotherapeutics with an indication for schiwepia, offered the opportunity for a much-needed
characterization of semantic variability. Furthevith national emphasis in the United States on
meaningful secondary use of healthcare data, sudiitative and quantitative characterization of
semantic variability and knowledge acquisition tges that can be used to identify and synthesize
data elements for standardization is urgently néede

The initial hypothesis was that the semantic valitgb-as operationalized by new data elements
identified from subsequent sequential abstractiomfclinical trial data collection forms would bew
because phase lll clinical trials are a ratherlidaae compared to healthcare settings. Such |lovasic
variability would imply that candidate data elengefdr standardization could be identified from w fe
randomly selected data collection forms. Our rastlowever, suggest that this will likely miss satia
content, leaving content to be identified by clalicexpert review or during the ballot process.
Appreciable numbers of new data elements were iboéid from each compound and from each trial
(form) within a compound, indicating that futurerfobased knowledge acquisition efforts will need to
scale to cover large text-based knowledge sourdllough some steps in the identification and
synthesis of data element candidates have beematgd using natural-language processing techniques,
these methods have yet to be evaluated for ideatiifin of candidate data elements. Such text didrac
methods assume consumable text, whereas the magdrisource forms used in our analysis were
scanned PDF documents that required manual tratiscri Further, this semantic variability comes in
addition to representational variability. Althougtuch of the latter can often be overcome by degisin
and applying data transformation routines, someesgmtational variability results in the reductioh
information content that similar to semantic vailigboften renders the information “not compardble
for many secondary data uses. Thus, semantic gmesentational variability present a significant
information quality problem and an obstacle to seleoy data use.

The majority of the suggested deletions were procdd adherence indicators, multiple
operationalizations of the same concept, and dataemnts collecting conflated concepts. The latteren
replaced with semanticaly resolved data elemeridultiple operationalizations included both data
elements that were redundant with concepts coviergdlidated questionaires and different approaches
to operationalizing important concepts, e.g., desgm date versus date of first definitive symptdms
mark the onset of schizophrenia. With standardipatf a data element set, the proportion of these
variations should decrease, as will instances ofing levels of granularity that were resolved et
synthesis step. Based on the initial 204 schizophrspecific data elements abstracted resulting in
post-review set of 67 data elements, a signifi@anbunt of the semantic variability was unnecessary,
posibly attributable to lack of data element staddation. Further, the extent of semantic varigbih

the data collected for marketing authorization afisophrenia compounds supports semantic varigbilit
as a significant information quality problem in eedary use of clinical research data, and further
indicates that semantic variability should be armadyas an early step in the standardization ofcalin
data elements.

The volume and time metrics reported are quite Biog. The form-based method of knowledge
acquisition, in the single clinical area examineteh appears to perform well with respect to domain
coverage as adjudicated by clinical experts, angkbwith respect to elapsed time and productithgn
previously reported methods based on knowledgeisitign from experts. [16] Additionally, the method
reported here reduces as much as possible the awfdime and effort required by clinical experts.

L IMITATIONS AND SUGGESTIONS FOR FURTHER WORK
This report provides a detailed characterizatioserhantic variability in schizophrenia data subexitt
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for regulatory review, caution should be used wapplying the findings to other arenas. This worlswa
observational by nature, and causal statementddimot be made based on these results. Further, the
types of data collected in this therapeutic settifigr instance, the large proportion of information
derived from questionnaires or the extent of ex&dhoritative clinical definition of concepts —magpt

be typical of other clinical specialties. In addticurrent standards of care play a role with reégar
generalizability. Therapeutic areas differ with pest to the volatility of data generated and used i
standard care; thus, therapeutic areas with diffederates of knowledge generation and translaition

care may also have different semantic variabiliyfipes. The work we present here, however, remains
an important contribution, because it is the fiossanalyze semantic variability in a clinical sgeti area
while also examining a methodology for assessirgédffects of semantic variability on data element
definition and standardization. The use of onerabgir, described in the methodology section, thed

use of that same abstractor to synthesize theaalstt data elements is a weakness of the work and
represents potential bias. Due to the expenseeaiémual abstraction and the travel required ttradts

the forms on site at the FDA, this weakness couwldbe avoided. Two steps were taken to mitigate the
potential impact: 1) the abstraction was complesgistematized, and the synthesis was systematized t
the extent possible. To further mitigate the imp#w synthesized data elements are publicaluablail

for reanalyis. Further research should be dire¢tteehrd characterizing semantic variability in other
therapeutic areas to assess generalizability cfetfimdings. Other aspects that deserve considarati
given the accelerating growth of data-driven knalgke acquisition in clinical setting, are 1) autoadht
identification and extraction of data elements fr@xt-based knowledge sources, 2) the efforts redui

to maintain standard data element sets, and 33ftbetiveness of processes in handlling new semanti
content during the interval between concept ideatiion and standardization. Further work is also
needed to establish methods for integration of mmgdional data governance processes with national
and international public metadata (data elememgjistges, and in health care, to streamline trdiwsiaof

new knowledge into clinical care guidelines andrfroare guidelines to performance measures and the
standard data elements to support performance megasat.

CONCLUSIONS

In the therapeutic area studied, significant seimarriability existed. Based on the presented Itesu
we conclude that for schizophrenia, the numbeooh§ abstracted could not have been reduced without
sacrificing completeness of the data element sgtr@lying more heavily on clinical experts for cept
identification. Further, based on the small amoofnsemantic content added by the CERC, two data
elements, it seems that the form-based knowledgeaisition method performs well, better than 95%
domain completeness as adjudicated by clinical xpBased on the initial 204 schizophrenis specifi
data elements resulting in a post-review set ofl&fa elements, a significant amount of the semantic
variability exhibited in the schizophrenia phadepilotal clinical trials was unnecessary. Furthiée
semantic variability supports the implication ofremtic variability as a significant information djiya
problem in secondary use of clinical research date form-based knowledge acquisition method
performed well with respect to productivity and pded time, and may out perform knowledge
acquisition from experts. At least within mentalalie, form based knowledge aquisition appears to
provide a feasible production scale for data elératamdardization.
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ABSTRACT: Applications consuming data have to deal with \grig data quality issues such as missing values,
duplication, incorrect values, etc. Although auttimapproaches can be utilized for data cleanimgrésults can
remain uncertain. Therefore updates suggested toynatic data cleaning algorithms require furthemha verifi-
cation. This paper presents an approach for gengrisks for uncertain updates and routing thaskstto appro-
priate workers based on their expertise. Specljidhle paper tackles the problem of modelling thpettise of
knowledge workers for the purpose of routing tasibin collaborative data quality management. Theppsed
expertise model represents the profile of a wodgainst a set of concepts describing the datamflsi routing
algorithm is employed for leveraging the expergsefiles for matching data cleaning tasks with vesek The
proposed approach is evaluated on a real worldsdiatsing human workers. The results demonstratefflec-
tiveness of using concepts described the data éateiting expertise, in terms of likelihood of redeg responses
to tasks routed to workers.

Keywords: data cleaning, crowd sourcing, web 2.0, linked data
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INTRODUCTION

The information systems of a business contain datantities important to the business such as mptsdaustom-
ers, suppliers, employees, etc. Entity informai®ispread across the organization, shared witm@ast or even
outside its boundaries of control, for example be tveb. Maintaining a clean and consistent vievbuginess
critical entities is a core requirement of any kiedge based organization, as highlighted by a tesawey on the
value of data analytics in organizations [1]. Thely found that more than 30% executives considertegjration
consistencyandtrustworthinesgheir top most data priorities. Most of the infation quality research has focused
on the development of sophisticated data qualitystand approaches such as Master Data ManageR®méver
these tools and techniques necessitate high tedhexpertise for successful implementation. Consatjy, one of
the major obstacles to data quality are the higératonal costs due to limited availability of avfexperts, and
changes to business rules and policies [2], [3]o¥ercome his limitation automatic or semi-automdtita clean-
ing algorithms can be used to improve data qudtibwever, the output of these algorithms can sijuire human
review to ensure trust for decision making.

Involving the community of users in data managenaetivities has shown promising results for maimtag high
quality data [4]. Recent developmentimowdsourcing5] andhuman computatiof6] have fuelled the interest in
algorithmic access to human workers, within or mgsorganizations, for performing computationali§ficult
tasks. Most of the current approaches of human atetipn publish tasks on task markets such as Amate-
chanical Turk. Therefore leaving the choice of task selectiorth® unknown workers, through search and/or
browse capabilities of the platform. As a resuét tfuality of responses provided by the workers m&fer from
lack of domain knowledge or expertise for the taskand. However, if the knowledge of workers’ akige is
understood, tasks can be assigned to appropriatergoin a crowd or community. This process is kn@stask
routing.

In this paper we propose a approach for task rgutiat profiles knowledge workers according toitleepertise of
concepts related to data quality issues and theigresdata quality tasks to appropriate workere dpproach is
implemented in th€AMEE (Collaborative Management of Enterprise Entit@gtem. Given a set of data cleaning
updates, CAMEE automatically converts them to fee#ibtasks for further verification from the group o
knowledge workers considering their individual etige levels. We argue that the expertise levehoifkers can
be effectively measured against concepts associgitbddata quality tasks, where concepts are etddarom
source data.

In this paper, we address the problem of buildirgeetise profiles of worker and leveraging thesefifgs for
routing tasks to appropriate workers. The contidns of this paper are as follows:

- An approach for modelling and assessment of knaydedorker’s expertise with concepts and a
prototype implementation of the approach using SK&®cepts

- A simple concept matching approach for routing dpiality tasks to appropriate worker

- A preliminary evaluation of proposed system on mgafld dataset with real world workers to
demonstrate its effectiveness

The rest of this paper is organized as follows.tNextion motivates the research work with respedata quality
management. Then we provide an overview of theesystrchitecture and related research challengesiniple-
mentation section details the prototype systemguSiHOS concepts for modelling expertise, as weltvas ap-
proaches of building expertise model for task mgitiThe section on evaluation presents the expatahéeetails
and discusses the results. Finally we provide ¢lreew of existing work in closely related reseaathas and sum-
marize the paper afterwards.

! http://www.mturk.com
2 http://www.w3.0rg/2004/02/skos/
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M OTIVATION

Master Data ManagemeriMDM) [7] has become a popular approach for mamggjuality of enterprise data. The
main benefit of a successful MDM implementatiomgadily available high quality data about entiiegn enter-
prise. Although attractive, recent studies estintlaée more than 80% data integration projects termmises either
fail or overrun their budget [2], [8]. MDM is hedyicentralized and labour intensive, where the emst effort in
terms of expertise can become prohibitively highe Tain responsibility for data quality manageniiestwith the
MDM council in atop-downmanner [9]. An MDM council usually includes membdrom senior management,
business managers and data stewards.

The significant upfront costs in terms of developinefforts and organizational changes make MDMidliff to
implement successfully across large enterprises. cimcentration of data management and stewardsipeen
few highly skilled individuals, like developers addta experts, also proves to be a bottleneckhiBcend, the lack
of delegation of data management responsibilisesonsidered as one of most the significant bart®data quali-
ty [2]. Due to the limited number of skilled humagsources, only a small percentage of enterprise ctames
under management. As a result, the scalability BMVIbecomes a major issue when new sources of irdtbom
are added over time. Not only are enterprises @ngbtope with the scale of data generated withéir toounda-
ries. As the web data becomes important, therebgila need for enterprises to manage externaledéting out-
side their boundaries within shared global infoiioraecosystems [10].

Effectively involving a wider community of usersthin collaborative data cleaning and informationnaagement
activities is attractive proposition. Thmttom-upapproach of involving crowds in creation and mamagnt of

general knowledge has been demonstrated by prdijketEreebase Wikipedid, and DBpedi&[4]. Similarly data

quality workload can be delegated to communityrad-asers by effectively guiding them towards spedésks in

top-downmanner [11]. Sourcing data quality tasks to a comity or crowd necessitates explicit control ovee t
actions required from humans and their potentiédd@mue.

Human computatiof6] is a relatively recent field of research thatuses on the design of algorithms with opera-
tions or functions carried out by human workerse@hthe major aspects of human computation isntetstand
the expertise of available humans and match thetimte appropriate tasks. In this respect, systesirgg human
computation need to overcome two challenges; 1) tocassess and model human expertise towards,)dma2to
effectively route tasks to appropriate workersthis paper we outline a collaborative data qualignagement
system that follows a human computation approacinfmlving end-users in the cleaning process. Wmduce a
concept based approach for modelling the expesfiseman workers for task routing.

CAMEE OVERVIEW

CAMEEfollows a human computation approach that utilieesmunity participation to incrementally incredlse

quality of data. Using CAMEE, technical expertg(alevelopers, data stewards, and data analystledisfe data
quality processes with the objective of routingcta® human workers having relevant domain knowdeidgcom-
plete the task. The worker may be employees obthanization or sourced from an online marketplate rest of
this section describes the workflow of the systeitofved by discussion on challenges of expertiselefimg and

task routing.

System Workflow
Figure 1 presents the high level workflow of the MIRE system. The input to CAMEE is a dirty datasetttis
assessed jata cleaning algorithmagainst pre-defined policies or rules, to identia quality issues.
1) Data quality algorithms suggespdatesto the dataset for each data quality issue. ddreepts
describing the dataset are extracted and associdtieccach update. The suggested updates are
fed to thetask managecomponent, which converts an update into a task.

3 http://www.freebase.com
* http://www.wikipedia.org
5 http://www.dbpedia.org
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q 1) Update Task Manager
Dirty Input > Data Quality & Concepts |
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i
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Figure 1: An example workflow of CAMEE for cleaning dataset with crowdsourcing.

2) Thecrowd managecomponent maintains axpertise moddby either soliciting expertise level
directly from workers, or by calculating indirectiiyrough their performance for test tasks with
known responses.

3) Therouting modelmatches each task with the appropriate worker doogrto their expertise,
and then;

4) Submits the task to the crowd manager for execution

5) The crowd manager renders each task using an apgtepser interface.

6) The feedback managecaptures the response to the tasks and generatesrsed dataset as
output of the system.

Expertise & Routing

Human computation approaches rely on explicit adrdwer routing of tasks to appropriate human wosk&he

tasks can be routed following a pull method by ipgstasks on an online marketplace, such as Amafechani-

cal Turk. In pull method the decision of routinglislegated onto the humans themselves by allovieg to select
tasks using search or browse features of the n@daet On the other hand the push method of roweiiyely

selects appropriate workers from a pool of availdhiman resources. CAMEE follows push method sK taut-

ing that requires an understanding of the expedfseuman workers for matching tasks to appropriatekers.

The main challenges associated with push routieg ar

- How to represent domain knowledge of data quaditkt
- How to assess and represent expertise of workeesgarticular domain of knowledge
- How to match domain of data quality task with esiserof workers

The expertise required to complete a data qualiid not only depends on the type of task but@tsthe domain
knowledge. In this paper we propose a concept bappdbach for addressing above mentioned challenfes
show that concepts extracted from the source datade effectively used for modelling worker expatand rout-
ing tasks. In next section we describe an exampfg@ementation of the approach within CAMEE that leitp

concepts in source data as the common denominat@nhotating data quality tasks, building workepegtise,
and routing tasks.
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CONCEPT-BASED EXPERTISE MODELLING WITHIN CAMEE

In this section we provide details of the prototypglementation of concept-based expertise modgNiithin
CAMEE. We illustrate by example the applicationcohcepts based expertise modelling and task rouwtitign
data quality management.

SKOS Concepts

The Simple Knowledge Organization Syst€BiKOS) is a W3C recommended data model designedpi@sent
knowledge organization systems and share themdghrthe Web [12]. The organization systems can delihe-
sauri, subject headings, classification schemeentaries, glossaries and other structured contreieabularies.
In SKOS the basic element is a concept, identifigdJRI°, which is considered to be ‘unit of thought’; idea
meanings or objects. Furthermore, SKOS definetbates for labelling concepts with lexical strireysd providing
additional textual information regarding the coricgponcepts can be grouped into concept schemedirded
with other concepts by using sematic relationsligpanchical or associative attributes in SKOS. dkerall objec-
tive of SKOS is to provide a common data modelkinowledge organization systems, to facilitate tlieropera-
bility, as well as to make them machine-readabteuph a web-based data format calResource Description
FrameworK (RDF). The usability of SKOS has been demonstratit use cases of knowledge organization sys-
tems from life sciences, agriculture, product f&e, and media [13]. In this paper, we use the adsDBpedia
[14] which is a structured knowledge base constditty extracting and linking entities from WikipadFigure 2
shows properties and values of cong®pierican_biographical_films DBpedia.

About: American biographical films N3P
An Entity of Type : Concept, from Named Graph : http.//dbpedia.org, within Data Space : [Bmdla
dbpedia org

Property Value

rdf-type skos:Concept

rdfs-label
owl:sameAs

American biographical films

http://ru_dbpedia_org/resource/Kareropna: @uneme-bnorpadmmn_CLUA
http://cs dbpedia.org/resource/Kategorie:Americke_Zivotopisne_filmy
hitp://ko dbpedia.org/resource/E R 0|1=22|_H2|_ D=t
category:Biegraphical_films_by_country
category:American_films_by_genre

American biographical films

http-//en wikipedia_orgfwiki/Category-American_biographical_films 7oldid=490787017
dbpedia:The_Diving_Bell_and_the_Butterfly_{film)
dbpedia:Summer_of_"42

dbpedia:Patton (film)

skos:broader

skos:prefLabel
http:/fwarw w3 org/ns/proviwasDerivedFrom
is dcterms:subject of

Figure 2: Screenshot of RDF data in DBpedia abouhe SKOS concepfAmerican _biographical films

DBpedia converts Wikipedia articles to entitieskDF format through hand crafted mappings and nhlamguage
techniques. Similarly it converts concepts from pdia category system to SKOS concepts. Figur@divs
some attributes and concepts of the Wikipedialarfar the movie “A Beautiful Mind” in RDF format.

8 Uniform Resource Identifier
" http://www.w3.0rg/RDF/
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About: A Beautiful Mind (film)

An Entity of Type : work, from Named Graph : http://dbpedia org, within Data Space :
dbpedia org

s
DBpediia

A Beautiful Mind is a 2001 American biographical drama film based on the life of John Nash, a Nobel Laureate in Economics. The film was
directed by Ron Howard and written by Akiva Goldsman. It was inspired by a bestselling, Pulitzer Prize-nominated 1998 book of the same
name by Sylia Nasar. The film stars Russell Crowe, along with Ed Harris, Jennifer Connelly, Paul Bettany and Christopher Plummer. The
story begins in the early years of a young prodigy named John Nash.

Property Value
dbpedia-owl: Work/runtime = 1350
dbpedia-owl-budget » BG.0E7
dbpedia-owl-cinematography = dbpedia:Roger_Deakins
dbpedia-owldirector » dbpedia:Ron_Howard
dbpedia-owl:producer = dbpedia:Ron_Howard

» dbpedia:Brian_Grazer
dbpedia-owl:runtime = §100.000000 (xsd:double)

dbpedia-owl:starring

dbpedia:Ed_Harris
= dbpedia:Russell_Crowe

dcterms subject » category:Best_Drama_Picture_Golden_Globe_winners
= category:American_biographical_films
= category-Films_set_in_the_1950s
rdftype = owl:Thing
» dbpedia-owl:Work
» dbpedia-owl:Film

Figure 3: Screenshot of RDF data in DBpedia about the movi&A Beautiful Mind”

In Figure 3 thedbpedia-owl:starringattribute have been extracted from the InfoBoxhef Wikipedia article. The
dct:subjectattributes has been assigned the SKOS conceptctedr from article’s categories box. For example,
http://dbpedia.org/resource/Category:American_biagjnical_films represents the SKOS concept equivalent of
Wikipedia category “American Biographical FilmsWhile the Wikipedia category system is collaboraivcreat-

ed and updated by editors, similar or even moréistipated knowledge organization systems existhiwiarge
enterprises. There are tobisvailable for generation and management of SKQ®em schemes from existing
taxonomies, vocabularies or knowledge organizasigsiems. Figure 4 give an example use of SKOS qisid®y
CAMEE for representing domain of knowledge for datiality tasks, expertise of knowledge worker aaek trout-

ing decisions.

Entity: A Beautiful Mind

Update: Missing Value

Task: Confirm Missing Value

Property & Values:
dbpedia-owl:Work/runtime
135.0
dbpedia-owl:director
dbpedia:Ron_Howard
dbpedia-owl:producer
dbpedia:Ron_Howard

N
j/

dbpedia-owl:writer
dbpedia:Akiva_Goldsman

Did Akiva Goldsman wrote the
movie "A Beautiful Mind"?

SKOS Concepts:
American_biographical_films
Films_set_in_the_1950s

N
j/

SKOS Concepts:
American_biographical_films
Films_set_in_the_1950s

dbpedia:Brian_Graze
dbpedia-owl:starring

<L

dbpedia:Ed_Harris
dbpedia:Russell_Crowe

N
j/

SKOS Concepts:
American_biographical_films
Films_set_in_the_1950s

Worker Expertise

Task Routing

SKOS Concepts:
Films_set_in_the_1950s (Good)
Films_about_psychiatry (Poor)
American_drama_films (Fair)

N
j/

Match
Films_set_in_the_1950s
Films_set_in_the_1950s (Good)

Figure 4: Example use of SKOS concepts for representing eggise and task routing in CAMEE

8 http://www.w3.0rg/2001/swi/wiki/SKOS
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Expertise Modelling

SKOS provides a language to design knowledge strestin as simple as possible way. We use SKOSeptsic
from source data, for modelling expertise requinetm®f tasks and knowledge level of workers for CA As-
suming that the entities in the dataset have baantated with some simple SKOS concept schemeghdidtited

in Figure 2, the task manager associates concefitsive data quality task. For example the datdityusk for
the movie entity A_Beautiful_Mind_(film) has American_biographical_films
Best_Drama_Picture_Golden_Globe_winneand Films_set_in_19508SKO0OS concepts associated with it. The
crowd manager component builds worker profilestfer SKOS concepts according one of the following -
proaches:

- Self-Assessment (SA) this approach a worker is asked to rate tkieiwledge level among the
list of all concepts in the dataset.

- Test Assessment (TA) worker's knowledge expertise is based on hafopemance of data
quality tasks with known answers, where each thgksconcepts associated with it.

For example, a worker can specify their knowledgeel for American_biographical_filmgsoncepts as excellent
for SA approach. However during the TA approach temponses for the test tasks associated Witteri-
can_biographical_filmsan suggest a below average level of knowledgbleTa gives an example of expertise
profiles for 3 workers on 4 concepts related to ie®vwhere each value represents the knowledgé beteeen
the values of 0 and 1.

Concept Worker 1 Worker 2 Worker 3
1990s_comedy-drama_films 0.6 0.2 0.2
Films_about_psychiatry 0.6 0.2 0.6
American_biographical_films 0.8 0.4 0.4
American_comedy-drama_films 0.8 0.6 0.6

Table 3: Example of matrix of expert profiles for 3workers and 4 movie concepts

Task Routing
The expertise model is exploited by the task rautimodel for matching tasks with appropriate knowkeavorkers.
In this paper following matching strategies are kygd for the purpose of routing

- Random Sends a patrticular task to any randomly seleatadker from the pool of all available
workers. This routing strategy assumes unavaitgbiif a worker's expertise model, thus
serving as the baseline approach as well as feK bmategy.

- Expertise MatchThis strategy ranks workers according to the Weid matching score between
task concepts and the worker’s expertise profilee Weights are based on the expertise model
built earlier. The example task discussed woulddwged to the worker with highest score for
the American_biographical filmsFilms_about_psychiatryand Films_based_on_biographies
concepts

EVALUATION

We performed an empirical evaluation of task rogithrased on the proposed expertise model usingabeap-
proaches; self-assessment and task-assessmernttvd lodjectives of the experiments are 1) to companelom
routing without using workers’ expertise modelssees routing based on matching task concepts ankkewexper-
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tise, and 2) to investigate the best approach tiddimg the worker expertise model. We evaluateth& concepts
extracted from the dataset can be utilized effetifor representing the knowledge space of datdityuasks and
worker expertise. In this regards we have expltinedollowing proposition through empirical evalioat

Data quality tasks routed using a concept-basedrtgp profiles have higher response rates if
the expertise model is built using a task-assessaggproach as compared to a self-assessment
based approach.

Experiments
In this section we provide the details of the ekpent design employed for the purpose of evaluatitie have
divided the experimental evaluation in two stagecpss.

- The assessment stagecused on building the expertise model of workdésring this stage
workers were asked to complete one assessmerdadbrad the expertise building approaches. A
simple 5 points belief scale (i.aone poor, fair, good andexcellent was used for the self-
assessment of knowledge about concepts. The wonleres asked to provide responses to task-
assessments based on Likert stéle. don’t know strongly disagreedisagree neutral agree
strongly agreg None andDon’t Know were the default selected options for belief scald
Likert scale, respectively.

- The routing stageused the generated expertise for routing dataityualsks to appropriate
knowledge workers. These responses to were usealdolate quality for final output dataset.

The response of workers for tasks routed to therederded against Likert scale with default respooi“Don’t
Know”. So for a particular approach a high percgetaf workers providing “Don’t Know” responses iodie a
low likeliness of getting data cleaned with helpvadrkers. While a low percentage of “Don’t Know’spgpnses
indicated a high likeliness. In the rest of thiste®, we describe the datasets used for expersnastwell as the
data quality tasks required to clean these datdSetails of the population of knowledge workersl @neir charac-
teristics are also discussed.

Dataset Description

We have used a subset of DBpedia describing mavisn the experimentation. A test dataset was teckdy
selecting Academy Award and FilmFare Award winningvies, as well as the top 100 grossing movies firmoh
lywood and Bollywood. The DBpedia database providasety of concept schemes for entities. Howeweertfie
purpose of this experiment we selected 42 film gesoncepts associated with movies. Detailed sStisif the
dataset are listed in the Table 4.

Characteristic Value
Number of entities (dbp:Film) 724
No. of concepts 42

No. of data quality tasks 230

Table 4: Characteristics of dataset describing awat winning and top 100 grossing movies from Hollywaod
and Bollywood in DBpedia

Data Quality Tasks

The original movie dataset a variety of data quaisues. Table 5 highlights three particular typessues. Each
of these data quality issues is converted to a hutoanputation task, which can be routed to knowdedgrkers.
The conversion process involved creating a shagstjon for the DQ issue, by using available datatHe entity.

9 http://en.wikipedia.org/wiki/Likert scale
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DQ Issue Type Example question for DQ task
Identity Resolution Does the following URIs repnes¢he same entity? (Answer
YES or NO)

http://dbpedia.org/resource/Shanghai_(2010_film)
http://rdf.freebase.com/ns/m/047fjjr

Missing Value Did the following actor starred inetimovie “Titanic”? (An-
swer YES or NO)
http://www.dbpedia.org/resource/bruce willis

Data Repair Was the following movie released in1212011 or 21-10-
20107 (Answer YES or NO)
http://www.dbpedia.org/resource/the_iron_lady

Table 5: Examples of questions for the human compation tasks associated with specific data qualityssues

The dataset was cleaned manually by an experirte ss the gold standard. The data quality taske weated by
collecting correct and incorrect values for theatghg” attribute for movies. Figure 5 shows a sashot of a hu-
man computation task.

Home  Assessments Tasks Datasets . ORI SRR Logout

Film: Crash (2004 film)

Due by: 10 Jul 12, 00:01
Related concepts: Gang films

Task Description
MICHAEL PENA starred in film CRASH (2004 FILM)

Please indicate if above is true as per your knowledge:
@ Don't know Strongly Disagree Disagree Meutral Agree Strongly Agree

| Save and Previous | | Save | | Save and Mext |

Figure 5: Screenshot of the CAMEE prototype systerfor crowd sourcing data quality tasks

Knowledge Workers

We recruited volunteer workers to perform the huroamputation tasks for data quality. The final commity of
workers contained people from 3 regions of worl&sirppe, South Asia, and Middle East) having varying
knowledge about the movie dataset, as shown ineTabl
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Characteristic Value
No. of Workers 11
Tasks for Assessment Stage 100
Tasks for Routing Stage 130

Table 6: Characterisitics of knowledge worker recruted for the experiments, as well as statistics ¢dsks
assignmed to them during test stage

Results

The following results show the distribution of resges for thd&Randomrouting as compared texpertiseMatch

based routing coupled with the expertise modellipgroaches. As expected both matching based rositiatggies
outperform random routing of tasks. The data camdithat building expertise models based on perfoc@an
task-assessments is a better approach as compateljciting self-assessment of knowledge abontepts.

Expertise Approach Random Self-Assessment | Task Assessment
+ Matching + Matching
Don't know 73.85% 56.15% 36.92%
Strongly Disagree 6.92% 14.62% 16.15%
Disagree 6.15% 5.38% 13.08%
Neutral 0.00% 3.85% 7.69%
Agree 3.08% 5.38% 8.46%
Strongly Agree 10.00% 14.62% 17.69%

Table 7: Distribution of responses during routing $age, for 3 task routing approaches. A high perceage of
“Don’t Know” response indicates that the tasks ha¥een routed to worker with no domain knowledge.

RELATED WORK
The crowdsourcing approaches for data manageménuitias can be categories in three approaché&grithmic
approachescrowd-sourced databasesdapplication platforms

Algorithmic approachegocus on the designing algorithms for reducingeutainty of data management with hu-
man computed functions. In these approaches humtantian is utilized to support data managementesysin
different activities, such as schema matching [&B}ity resolution [16] and data repair [17]. THgeztive of algo-
rithmic approaches is to help increase utility ofrtan attention through optimization of specificadlatanagement
activities. Consequently the evaluation of thespragches focus on the measurement of incremernitey irn-
provement after successive human interventionswouk focuses on modelling expertise required fatadquality
tasks and building worker profiles to facilitatskaouting.

Crowd-sourced databassystems focus on providing programmatic accedsutoan computation platforms for
database operations such as joins, sorts, andsn3éis facilitates platform independence withpext to the de-
tails of access to human services. Typically exgstjuery languages are extended to minimize thaitggcurve
associated with programming human computation.example, CrowdDB [18] extenddandard query language
to provide database services on top on crowd soginoiatforms. An initial list of information quajitproblems
which can be solved with crowdsourcing have betifled in [19]. The application of human computatibas
been demonstrated for data management problemsasdeita ranking[20], relevance assessmd@il] andentity
linking [22]. These research efforts focus on improvirg diality of crowd responses through various tagiex
gation techniques after execution. Instead we fabasstep before execution of tasks; improving riheting of
tasks to workers with appropriate domain knowledge expertise.

Application platformsextend existing applications with custom human potation capabilities, thus enabling
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crowd services in applications. These approachesotidepend on external platforms for human sesvaecom-
pared to previous categories. Freebase supportachbiynan computation platform called RABj [23], aliniallows
users to distribute specific tasks to communitiepadd or volunteering worker. Similarly, MOBS [2@}ovides a
tool extension approach for enabling crowd sourahgchema matching applications. Both RABj and MOd&e
crowd sourcing platforms tailored for specific datanagement applications. We propose CAMEE; a hurnan
putation based approach for guided data cleanihg.objective of CAMEE is to facilitate task routifay effective
utilization of human attention in collaborative @ateaning processes.

Expert findinghas been the subject of a considerable amourgsefarch in the Information Retrieval community
[25]. The expert finding problem involves rankirgetlist of experts according to their knowledge wha given
topic or query. Generally, some web-based or engergext corpus is utilized to uncover associaitetween
experts and topics [26]. On the other haaxert profilingis defined as the opposite process of determithiadist

of topics that an expert is knowledge about [2/]bbth cases, current approaches mine existingctagius to
determine worker and topics associations. By cehtia this paper we are interested in profilingpentise of
workers for finding task and worker association® ¥dst this problem in a data cleaning scenariaewve build-
ing profiles by only using source data. We assuna¢ the source data does not provide any evidehe®xker
expertise in form of person and topic associatibmstead we demonstrate the effective use of SK@3$he pur-
pose of expertise profiling and task routing withdiata cleaning scenario.

SUMMARY AND FUTURE WORK

This paper presents an concepts based approachutimg data quality tasks to appropriate workeasea on an
their knowledge and expertise. An expertise moderépresenting worker profiles against a set eicepts from
the dataset is described. The approach is validaitbda simple routing algorithm for exploiting esqpise model
based on either concept selection or task perfocmarhe approach is evaluated on real world datassnhg hu-
man workers. The results demonstrate the effeats®of using concept based profiles for solicitilgher number
of responses from workers. In this paper we deedrthe architecture of CAMEE and its use of SKOScepts for
modelling expertise for tasks and knowledge worRerthe part of future work we plan to expand onalgsis of
the system to effect of various expertise assessmethods and task routing methods on quality sk t@uting.
Further research is also required into the effectimlancing of the community workload under comstsasuch as
cost, latency, and motivation. We plan to invedtghe utility of CAMEE in real world information amagement
scenario that deals with multiple data sourcestatdrogeneity problems, such as enterprise eneagpagement
[28].
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Abstract In recent years the problems related to modelimbiaaproving business processes have been of growing
interest. Indeed, companies are realizing the uabénimpact of a better understanding and manageofebusi-
ness processes (BP) on the effectiveness, congjst@md transparency of their business operatiBRsmodeling
aims at a better understanding of processes, altpdeciders to achieve strategic goals of the compgdowever,
inexperienced systems analysts often lack domagwledge leading and this affects the quality of eledhey
produce. In this paper we propose to support tlideting effort with an approach that uses domaiomkadge to
improve the semantic quality of BP models. Thisrapph relies on domain ontologies as a mean taucajto-
main knowledge and on metamodeling techniques. M@ contribution of this paper is threefold: 1k th
metamodels describing both a domain ontology aB# anodel are described, 2) the alignment betweercoim-
cepts of both metamodels is defined and illustrad@e prototype implementing the approach is priesk

Key Words: Domain knowledge, Domain ontology, Semantic dyaBusiness process modeling, Quality im-
provement

1.INTRODUCTION

Modeling is the intellectual activity of creatingpsiract and comprehensive representation of arsyste
necessary to understand its existing or plannedJenh In practice, conceptual models have been rec
ognized as playing an important role in commun@atnd understanding among various stakeholders
within a project. Business Process models are ganaemodels supposed to give a complete desaniptio
of the underlying business processes. Consequentiypanies are today aware of the undeniable impact
of a better tuning of business processes (BP) eretfectiveness, consistency and transparencyeif th
business operations. This tuning requires a bettelerstanding and an effective management of BP.
However, to achieve the expected benefits it iesgary to rethink the approach of designing these p
cesses. BP modeling is a prerequisite. It is nowsiciered as an engineering activity aiming at qhog

the actors with a better understanding of the m®e® in which they are involved. But BP modeling is
difficult. It is an expert task that needs to befgened by trained experts. And, what about quality
Quality can be defined as the total of propertied eharacteristics of a product or service thatrake-
vant for satisfying specific and obvious requiretsefi]. The business process modeling approaches
share many similarities with conceptual modelingvétees, but are much more complex [2] Indeed, a
business process model captures a dynamic visitreafystem through activities descriptions, gdhera
done at a low level of abstraction; with a difficidsue of ending with a high level description ¥drich

a good acquaintance and understanding of domaiwlkdge is necessary. This is why the activity of
modeling BP requires a high degree of pragmatiesgige generally referred to as empirical rules and
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heuristics difficult to formalize and to share. Guercial tools for business process modeling a@ivit
mainly focus on the accuracy of models based ogt @fssyntactic criteria imposed by the notationd an
provide little or no guide to guarantee the qualitproduced models.

We propose to assist the modeling activity withualify centered approach that aims to exploit the d
main knowledge. The domain knowledge in Informat8ystems discipline refers to knowledge provided
by both methods and application domain [3]. In approach we propose to exploit domain ontologies
knowledge with alignment rules to identify simitégs between BP models and domain ontologies ele-
ments. The aim is to improve the semantic compéstgerand expressiveness of BP models according to
domain knowledge contained in the ontologies.

This paper is organized as follows. State of thesadescribed briefly in Section 2. The overalpegach

of our semantic is broadly described in the thedt®n. The metamodels structuring both BP modeds a
domain ontologies are described in detail in SecfioSection 5 is dedicated to alignment rulesaliin
Section 6 concludes and describes future research.

2.STATE OF THE ART

A Business Process (BP) is a set of related aetsvihat transform an input to create an output aid-

ed values [4]. Experts in information systems arafgssionals agree that the success of a company de
pends particularly of a good understanding of bessnprocesses [5]. To make a business process model
understandable, reliable, and reusable it is in@gpdrto ensure its quality. Several approacheswibat

in this direction exist in the literature. We haslassified them into three categories: 1) Approadoe
cused on improving BP methods of analysis and de@pProcess quality measurement, and 3) Process
model quality measurement.

In the first category the approaches are intendeatdvide advice and best practices to ensure ¢isé b
quality of models. The hypothesis is that improvihg process development improves the quality of
available products. As an illustration we can man{i6] where the authors propose a set of guides to
improve various characteristics of a process medeh as clarity, comprehensibility, or accuracy(“c
rectness"). Other authors focus on improving themehensibility of models by providing naming ryles
documentation, and use of icons or symbols graph8][ Other approaches, propose a set of best prac
tices encapsulated in reusable and applicablerpattiepending on the defined contexts.

The second category considers the quality levéluginess processes and their execution. In thigyfam
we categorize the research on simulation and cootqorocess as in [9] where the authors presesdta

of simulation tools for business process evaluat@thers focus on the verification of certain clotea
istics, when executing the process. In [10] forrmegke, the authors present and discuss several tech-
nigues for the analysis of processes during execwiich as verification, or for the discovery gira-
cess ("process mining™), etc.

Our focus is in the third category that addreskesquality from the point of view of its evaluatiand
improvement. Process quality has been investigatetifferent disciplines. Consequently, a variety o
standards have been introduced to define, managgtan and improve that quality. In [11], the aoith
present a typology and an overall view of the bessnprocess model metrics. They mention the most
important five measures: coupling, cohesion, comipiemodularity, and finally the size. The authans
[12] propose an approach based on GQM method (Quaktion-Metric [13]) to help finding, among the
set of quality characteristics, those that areverlein a given framework and to deduce how to meas
them. One of the characteristics that has beesuhgct of several proposals is the complexity [i5],
However, these studies are based primarily ontsiralccharacteristics of processes and their models
Model complexity is directly related to their corepensibility and their maintainability. The authams
[16] adapted the complexity metric of the softwargineering process models and use it to study the
complexity of general BP models. They then studiedugh an experiment the impact of process model
complexity on their maintainability. In [17] the thors conducted an interesting experiment to try to
understand the factors that impact the understalitgtadd process models.
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In conclusion, our analysis of the state of theeatls us to argue that the quality of BP modehaénly
addressed in terms of structural and syntacticrargly in terms of semantics. In the remainderhig t
paper, we present our approach which aims to demferward into a semantic quality based approach
of BP model.

3. USING DOMAIN KNOWLEDGE TO IMPROVE QUALITY OF BUSINESS

PROCESS MODELS

Modeling activity in general and BP modelling inrfieular are creative activities conducted by medel
lers using a given notation or modelling languade result is of course highly dependent on theehod
ler experience in the notation practice. It relidso on his/her interpretation of the reality, amdthe
decision he/she makes regarding the choice of gis@ad details to be modeled. This explains the fa
that several correct but different models couldallgtbe generated from the same reality. Howeves; t
se models are supposed to be faithful representad the reality. Thus the definition of quality-r
qguirements for these models is, in fact, a measvaduate this modeling activity and ensure a beder
sult. Many factors may be defined to charactefizg quality. The semantic quality measures the ekegr
of correspondence between the model and the domlassemantic quality is related to both complete-
ness and validity of the models; here the BP mod&p

To improve the quality of models produced, sevapgdroaches are possible:

- assistance in the development process phasengyigenethodological guides from experience,

- measurement of the specifications quality,

- reusing approved specifications fragments etc.

Several authors pointed out the impact of lackahdin knowledge on the quality of produced models
[19,20, 3]. In this paper, we propose to exploibwiedge of field, which are supposed to reflect the
knowledge shared by a community of actors, in otdémprove the quality of process models.

Many business domains has common domain knowledwge wor less structured. For example, in the

medical area, there exists a huge amount of knaelesh healthcare practices known as clinical path-
ways. In tourism business area, there exist claasidns and even ontologies on tourism accommoda-
tions, tourism services etc..

The research question addressed by our approagivés) existing domain knowledge, how could we

assist business process modelers using this kngevedimprove their way of modeling.

As our approach have to be generic and indeperidentthe notations used for both domain knowledge
expression and process modeling we use metamadebgptess various BP models and domain ontolo-
gies. The metamodels are presented in sections 3.1.

Our approach proceeds as follows:

- first a mapping between BP model elements amdadio ontology concepts is performed. This
is necessary as the ontology and the BP model®tdoatessarily use the same vocabulary. The mapping
rules are defined at the metamodels level to ertbgiegenericity. This part is presented in sec8a@.

- once the mappings validated by the analyst,aityuanalysis based on the domain knowledge
is performed on the BP model. The aim of this s$ep detect some semantic quality defects. Tleig &
detailed in section 3.3.

- finally, our approach suggests a set of improvanfier each kind of detected quality defect.
This part is presented in section 3.4.

3.1 Ontology and process model metamodels.

In order to identify similarities between knowledgentained in the ontology and the one represeyed
the BP model, our approach relies on alignmentefisure the generality of these rules, we have chose
to define them at a metamodeling level. Hence fitise contribution is the construction of metamael
representing ontologies and BP models.

72



ICIQ 2012, the 17th International Conference oroinfation Quality

3.1.1 Business Process Metamodel

There are several advantages of defining such amuatel. First, the metamodel provides a synthetic
vision of concepts used independently of specifitations helping in the understandability of models
Second, instead of defining mapping rules for ezmiple of BP modeling notation and ontology lan-
guage we define the rules only at the metamodetl.lelinally, since we consider that domain
knowledge contains also knowledge embedded in rdstlamd consequently in notations, we will use
metamodels to integrate completeness, validatidncarrectness rules defined by BP notations tacknri
our actual vision of domain knowledge.

The metamodel defined in this section and showrigire 1 was constructed as a synthesis of a selec-
tion of concepts proposed by several authors aodrding to several notations and more specificiiéy
work presented in [21,22].

‘ Business Process  diagram ‘ Artifact
1
1x 1.0
/N
= Ay

Data object Text
annotation

responsible

PhysicalResource AbstractResource
A
PeopleResoufce

Fig 1. Business process metamodel

A business process model is composed of flows jfotd and connectors. A flow object can be an event
an activity or a gateway [22]. An event that occigra fact and impacts the progress of a procesgs. O
events can be of three types: initial, intermedatd final. An activity can be an atomic task ifsitnot
decomposable or a process if it is complex andahasible structure. A gateway is a mechanism ¢hat
manage the convergence or divergence of actiiibes A connecting element can be an association, a
sequence or a message flow. An association isasadsimple link between two concepts. The sequence
flow defines an execution order of activities. Assage flow is used to represent exchange of infor-
mation between two participants in the process.

Activities refer to resources. A resource is a emiavhich includes abstract concepts such as thahu
agent responsible for execution of the activity amfdrmation produced or consumed by it. The exact
role of the resource in the process is explainethéyoncept of role.

3.1.2. Ontology Metamodel

The ontology metamodel allows representing domaiologies using the same concepts independently
of the language for their implementation. Theresseeral contributions in literature concerningoboi

gy metamodeling. The authors in [23] introducedpérconcepts and constructors (negation, conjunc-
tion, disjunction) to define complex concepts. Tlayo defined several relationships including inher
itance links, instantiation and constraints. In.J2@e types of concepts have been proposed tessmt

the functional requirements (function, object, ambironment) and non-functional requirements (con-
straints, quality). In our approach, we consideoatology as a set of classes and relationshipis. vith
sion is largely adopted. We distinguish betweeeedhiypes of concepts of type class: actor, actiwh a
artifact.

- An actor is an independent entity, able to penfactions.
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- An action represents the execution of an action.

- An artifact is an inanimate object incapable effprming an action. An artifact may represent @n i
formation or an abstract concept.

However, most of metamodels take into account tiwdsof relationships, namely inheritance and struc
tural relationships. For the needs of our appraaetadapted the classification of relationships pseol
by [25], which has been initially defined to anayzemantics of relationships within a relationaiada
base. This classification offers several typeseathtionships allowing us to characterize precisbly
nature of links between concepts.

Ontdogy
dass [ e relztion
chenge_in
irteraction _stshs
[ttt | | action | | actor | SIS
‘d:a\.etlcn‘ ‘ocxm.ncﬁtm“ha’ﬁ’eﬂ T E]
[ menipdation | | eeafion | | infence | | temperd |

Fig 2. Ontology Metamodel (an extract)

Relations are first decomposed into three categorie

- Status: represents relationships that may bectsiral (inheritance, composition, instantiation.gt
influence (own, control, creation, destroy, etor)temporal (follow, require, etc.).

- Change of status: reveals the occurrence of tabér events. This type of relationship is primaril
used to express the interdependence of statug ilifélcycle of an entity.

- Interaction: represents short-term relationslipsveen entities. Several semantic relations diaete
for interactions such as communication, observagagcution, etc.

Figure 2 illustrates some concepts of the ontologyamodel.

3.2. ldentifying Model-Ontology similarities

In the first step, the approach consists in disdogethe mappings between business process maoelel el
ments and the domain ontology elements. To malsetalgnment rules generic and independent of both
the BP modelling notation and the ontology impletagan language, we have defined two metamodels
namely a BP metamodel and an ontology metamoded. alignment rules aim to identify similarities
between the process model elements and the domtglogy concepts. Once these similarities iderdifie
they serve as input for both semantic quality eatidun and improvements activities.

We have defined two kinds of mapping, namely typsdad mapping and semantics-based mapping.

3.2.1. Type-based mapping

This mapping involves the types of concepts in ptdeestablish correspondences between the concepts
at the meta-level. These correspondences allownod@iion based on the types of concepts inde-
pendently of their meaning. These rules are stdkatial to avoid typing errors. An extract of mfaced
metamodel concepts mappings is given in Table 1.
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BP model Domain Ontology
metamodel concept metamodel concept
People resource Actor

Abstract resource Abstract
Information resource Knowledge
Process / activity Action

Table 8. Concept alignment

Similarly, we have established mappings betweermametlel relations of BPM and those of the ontology
metamodel. The result is given in Table 2.

BP model metamodel connect-| Domain Ontology metamodel relations
ors
Sequence Flow Temporal
Message Flow Communication
Transfer
Role Execution
Manipulation
Observation
Influence

Table 2. Relation alignment

3.2.2. Semantics-based mapping

The second type of mapping is richer, being baseith® semantics of concepts. Let O a domain onyolog
and 070 a concept from this ontology. Each concept hastaf synonyms (set of words), hyponyms,
hypernyms and keywords related to it :

Note that we say the two names are partially edgmiaf they have common names.

There are four classes of matching rules. The radesll defined as functions having as input anitfel-

el concepbpi and returning one or several concepts from theailvimntology.

The similarity computation uses the names of cotszeépe synonyms, and keywords associated to ontol-
ogy concepts. It is based on wordnet and distalgmritoms from literature such as Resnik informatio
content [26], Wu & Palmer path length [27] , Purarel& Pederson context vectors [28]. We use these
algorithms through equivalence (applies when theesmare composed of one word) and partial equiva-
lence (applies when names are composed of severdsjfunctions:

Our approach uses five types of semantic similduitgtions:

- Name based similarityeturns a set of ontology concepts having the saanee that the BP
model concept.

- Synonyms based similarityeturns a set of ontology concepts having at leastsynonym
syntactically equivalent to the BP model elemené ¥dmpute such similarity when no on-
tology concept is returned by the name based giityila

- Hypernyms Similarity:based on the results obtained by name based anwhysys based
similarity, this function returns for each ontologpncepts of the result the set of its
hypernyms. This allows findings from the domain Wiexlge concepts that are more general
than those used in the BP models and that coufdlihedompleting the model by exploiting
the related concepts and relationships.

- Hyponyms Similaritybased on the results obtained by name based andysys based sim-
ilarity, this function returns for each ontologynoepts of the result the set of its hyponyms.
This allows précising BP models modeling elemegtsiding more specific concepts provid-
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ed by the ontology.
- Keywords:returns a set of ontology concepts having at leastkeyword syntactically equiva-
lent to the BP model element. We compute such aritylwhen no ontology concept is returned
by the name based or the synonyms based simifarigtions.

3.3. Quality defects Detection
First, similarities have to be identified betweeBRimodel element, let it be bprand an element from

the domain ontology @Our approach exploits the knowledge from the doneaitology related to ;,0to

detect and measure semantic quality deficienciesrder to exploit the knowledge related towe use
the mappings identified in section 3.2.

Second, we have identified a set of what we calligudeficiencies. These deficiencies result frommd-
eling choices producing models that do not coveritended requirements or with low expressiveness.

Ambiguity: Ambiguity results from using different names amastructs to express the same reality.
This makes models unclear and creates confusion whieg to understand them.
Completeness:Completeness is related to an incomplete repraSentof the real world. This in-
completeness can result from the complexity of epte for which only a sub-set of the description
is captured within the process model. One of th&iosethat show the incompleteness is the Number
of Human Resources which exploits the structuréhefconcepts, as an activity should have a Hu-
man resource responsible of it's execution.

Abstraction levelAbstraction level is related to the use of theéahle level of generality. Indeed, in
some cases, using general concepts instead ofisaui precise ones can decrease the efficiency of
the processes. On the contrary, using very speethlierms may decrease the understandability of
the models. The relevant choice of an abstracteelldepends on several factors among which we
can mention the nature of audience (developersers), the objective of the model (explanation or
implementation), etc.

Meaningless statemeaningless states correspond to states and gotsstrom the models for which
no correspondence is found in the correspondinglagy. This decreases the relevance of models
and has an impact on its intelligibility.

3.4. Quality Defects correction

Third, the quality improvement activity consistssimggesting to the analyst or the quality expesttaof
improvement guidelines to improve the quality afith models.

Correcting ambiguity defectgonsists in replacing the chosen concepts by laer ohore adequate
from the list of synonyms proposed by the tool. ©again, the ontology helps by providing the list
of synonyms from the ontology and the analyst bagibose among them the most suitable term.
Correcting incompleteness defedts:.case of incompleteness, the analyst can retherknowledge
provided by the ontology to complete the missinggaf the model. On the other hand semantic
constraint are defined on BP metamodel conceptd at my show the user what is it missing in
his model. As each activity should have a humaoue responsible of it's execution so if the num-
ber of human resource is equal to zero means theréluman resource should be mapped to the ac-
tivity. Additionally, keywords provided by the ohdgy can help the user to complete it's model by
requirements missing from his model.

Correcting the abstraction levélikewise, the user can rely on the knowledge predify the ontol-
ogy (Hypernyms/hyponyms) to choose the adequatiaatien level of the concept that will make
the model more comprehensible.

Correcting the meaningless staté#en a BP model's element does not match any pofrcen the
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ontology this could mean that this element is duhe domain.

4. Implementation of the approach

To illustrate our approach, we consider the exanoplémission order" process. Our approach takes as
input a business process model under constructidrmalomain ontology.

4.1. An illustrating example

Our BP model case study represents the businessgzrdollowed by a researcher/ employee in our uni-
versity who plans to attend a conference or toigipdte to an exchange promgram. In this case be/sh
should fill an official "Mission Order". This mearin particular that he/she is covered by insuratic

the university pays the plane/train ticket, tha #mployee get some money in advance for his/lesr fe
and that he/she is reimbursed after mission. Thel@me has first to get an authorization from tés/h
service/laboratory director/administrator. The agistrator analyzes the request. Based on his degisi
the employee fills a form called mission order (M&9nds it to the financial service and at the stme
carries out mission formalities. The financial seevcalculates the reimbursement costs only isthe
ployee sends mission costs proofs (tickets, bitlg.eFinally the BP is closed by the transfer\dtti The

BP model expressed in BPMN is presented in Figure 3

Mission Order
request

Employee

Request
authorization

establish
MO

5

N Send MO to Provide mission
4 financial service SEFVATIO costs details for
reimbursement

Mission Order

Flight
reservatio

analyse A
request N

Admin responsible

=\
=)
&)

missio
n costs
if’;’i-‘- QOpen mission / Calculate do the
= record J Remburse costs transfer
MO

Fig 3. Instantiation of the BPM metamodel

nancial service

In addition, an extract of the domain ontology "siis plan” is represented in Figure 4. The actan-"e
ployee" which is linked to actor "PhD student" byia-a relation of type structural (status), isatetl to
the action"Request authorization" by an influenelation. Also the actor “Financial service” is teld

by a synonymy relation to actor “Accounting serVick "requires” relationship relates "Request auitho
zation" with the action "Ask for Delay". Moreovean is-a relationship relates different actionshovs
different abstraction levels. For example, “Estienabsts” action is more general then “calculate -com
pensation” action. "Analyze request” is more gehttan "Examine the applicant" and "Correct the ap-
plication”.

Finally temporal relations between "Send MO to ficial service" action and "calculate reimbursement
costs" action show the order of there execution.
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Fig 4. An ontology extract
We started implementing the approach in a prototype architecture is detailed in section 4.2.
4.2 Prototype Architecture

In order to support our approach for we are culyaniplementing it within a prototype. The general
architecture of the prototype is presented in Fadur

Commercial BP &
Modeling tools ﬂ

[ Interoperability Module J

Domain Knowledge Based Quality Management

Quality Definition Domain Knowledge Management
{Quality metrics definition, § {Metamodels Management, Domain Knowledge
Quality improvement Guides) /| Management, Mapping Rules Definition

Quality Management
(BPM-Ontology mapping, Quality evaluation, Quality improvement)

1r
Knowledge Base

BP and ontology ! BP notations rules
etamodels

BP Models
Domain ontologies

BP Models Domain Quality sessions

((3

Fig. 5. Prototype Architecture

The overall architecture is structured around threén modules: the Interoperability module, the Do-
main Knowledge Based Quality Management (DKBQM) mledand the Knowledge Base.

78



ICIQ 2012, the 17th International Conference oroinfation Quality

Interoperability Module allows supporting quality evaluation of BP modaieduced by commercial or
free BP modeling tools. Indeed, the current versibrthe prototype is interoperable with several BP
modeling tools such as Bizagi, Enterprise ArchiteciStar UML. These tools use different modeling
notations: BPMN for Bizagi and enterprise Architaeot Eriksson and Penker's notation for StarUML for
example. These tools provide export utilities baseXML or XPDL. Moreover, the several BP model-
ing tools use different notations. To solve thislpem, we have developed an interoperability module
able to deal with several export languages. Thidutealso annotates the exported models to make the
BP models compatible with the metamodel presemtegction 3.1.1.

The DKBOM module offers utilities to:

- define quality metrics. In the actual version qtyathetrics are written in java. A further version
will include a metrics specification language basaedhe metamodels.

- define quality improvement guides. The improvenwgritles are written in OCL [29].

- define and improve the metamodels. The ontologyametlel is implemented as OWL [30] clas-
ses within protégé [31]. The domain ontologiesdefined as instances of these classes.

- define notation constraints. Modeling notationséhaeme rules helping analysts verifying cor-
rectness and syntactic completeness of models.a¥e included this kind of knowledge as do-
main knowledge. We have actually integrated someectness rules written in OCL.

- define mapping rules. These rules allow findingikirnities between domain knowledge ontology
concepts and BP model elements. These rules usk sioilarity distances from the literature.
Actually the prototype implements five algorithms fwords similarity detection. More infor-
mation on these algorithms is given in section23.3.

- manage quality sessions. These sessions congistdcting a PB model, a domain ontology and
the application of the approach as illustrateceiction 4.3.

The Knowledge Basestores the several artifacts (metamodels, dontiolagies, BP models, traces of
evaluation sessions, several versions of BP madels

4.3 lllustrating the approach
This section illustrates the approach on the BPaisotlustrated in figure 3.

4.3.1 Similarities and quality defect detection

The first step applies mapping rules between thenBBel and the domain ontology from figure 4. Based
on the type based mappings, our prototype compulest of action/actors for each activity/Human re-
source present in the BP model. These mappingsefined based on the semantic mapping rules. The
result is a list of of synonyms/hypernyms/ hyponygiven in table 3. Notice that the mapping is alyua

a word based mapping. We are actually improvingsihélarity distance definition to take into accoun
sentences. This will improve the relevancy of ressabtained in table 3.

BP activity Action synonym

Mission order request Ask for assignment

Call for a mission

An operation command
Postulate to a work mission
Fill for a foreign mission

Provide mission costs details for reimbursement Supply for reimbursement
Provide the total spent

Provide the compensation paid

Do the transfer e Reassign
»  Offer a deal

Table 3. Extract of Synonymy results
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Concerning the quality evaluation, the more an elgnfrom BP model have synonyms the more it is
ambiguous. So based on results in table3, we cdedhat "Do the transfer” activity is less ambigsiou
than "Mission order request" activity that corresgi®@to different concepts from the ontology.
Furthermore, based on the knowledge provided byottielogy some elements from the BP model are
more general or less general than the conceptsedkfin the ontology. For example, the activity 'lgsa
request” have many hyponyms as shown in figureh& 0ser has to decide to maintain the generality
level defined in the BP model or to change it fonare precise description by choosing one of tipohy
nyms. This could generate other changes. Changiragivity may imply changing the actor responsible
of it and/or change the information resources neglor produced by the activity etc. These charges

deduced from the ontology.

£}

Activity and Actions Mappings

[analyse request

Find Synonyms
Find Hyponyms

analyse_request

| Find Hypernyms

lanalyse_request

Find Keywords refuse request

accept request

|Analyse application
Examine the applicant
Break down the demand
ICorrect the

demand more informations

[»

4]

Specification level of analyse requestis equal to: 0.01

Mumber of human resources responsable of the execution of analyse requestis 0

Fig 5. hyponym mappings

An extract of computed hyponyms are shown in table4

BP activity

Hyponyms

Analyse request

¢ Analyse application

«  Examine the applicant

¢  Break down the demand
«  Correct the application

* Review the application

Carry out mission formalities

¢ Fetch the mission order
¢ Open mission recorder
e approve order

«  validate the mission

Provide mission costs details for reimbursement

*  Provide mission in France costs details
¢ Provide mission in Europe costs details
¢ Support with business expense

¢ Provide prices

*  Provide brrowing costs/ production co:

Estimate costs

¢ Calculate compensation
« Estimate cos

Do the transfer

¢ Delivery
e Lend
« Conveyance

Table 4. Extract of Hyponyms Results
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Additionally, more general concepts are suggesiezhth activity/human resource, for example "Admin-
istrator" can be replaced by more specific concepth as "Decision maker" or " Executive". The ap-
proach proposes the several alternatives and thlgsaias to decide about the more appropriatecehoi

BP human resource Hypernym
Employee *  Workel
Administrator »  Decision maker
e Executive
Financial Service e Financial department
e Supplier
»  Contractor

Table 5. Extract of Hypernyms results

Finally, the context provides knowledge allowing tBP model enrichment and/or completion. This con-
text is defined through the keys words and relatigps related to domain ontology concepts.
he keywords returned by keywords function proposthé user domain concepts that may help to enrich
his model. These concepts are ontology concepitasiyrelated to the BPM concept chosen.

BPM activity Ontology action Related concept
concep relationshij
Establish MO Establish Mission Order Documentsunesgl Assigned to
(abstract)
Delay (knowledge
Reserve flight and hotel  Carry out mission forniedit Flight reservation requires
(abstract)
Hotel reservation
(abstract)
Calculate reimburse Estimate costs Commission requires
costs (Knowledge)
invoice
Analyse request Analyse the request Mission record manipulate
(abstract)
Do the transfer transfer RIB requires
(knowledge)

Table 6. Extract of keywords result

Based on the results shown in table 6, time detegept can be related to "establish MO" activitpdA
time delay is an important condition in any adntiraisve file request. As a result the user can tadér
and information about mission order time delayisitier process. Also the activity "Analyse request”
done by manipulating the mission record so thiaag to be an output sent to the administrator.

4.4 Improving detected quality defects

The quality improvement activity consists in sugggsto the analyst a set of improvement guidelittes
improve the quality of their models.
Correcting ambiguity defect3'he ambiguity hampers the possibility to decide thiethe statement
from the model is meaningful according to the doméi fact "Mission order request” activity does
not present the domain specific contract. It's application to fill so the verb "fill for" is morade-
guate and mission order is a foreign mission. Assalt " Fill for a foreign mission " activity is one
adequate.
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Correction abstraction level defecésns to use the suitable level of generality.

In some cases, using general concepts insteadeoffispand precise ones can decrease the
efficiency of the processes. For example, "anatgggiest” activity is a general activity that
may skip a lot of detailed activities. So basedl@hyponyms provided by the ontology the
analyst can replace it by "Examine the applicdiRéview the application” and " Correct the
application” activities given by the ontology.

In other cases, using very specialized terms mayedse the understandability of the mod-
els. For example, the actor "administrator" camdmaced by "decision maker".

Correcting incompleteness defedinrich and complete our BPM can be done in twgsigeparate-

ly.

Employee

Request establish P Send MO to Carry out Provide mission
authorization MO &) financial service mission : costs details for

Using keywords enriches the model with new actgitand new resources. As we can see in
table 6, the activity "establish MO" can be relatednission order time delay so a timer is
added as output for this activity. And "carry outsion formalities" is enriched by adding
abstract resources "mission program" and "missate"das inputs. Additionally, "Do trans-
fer" is related semantically to the concept "RIBchuse Resnik information content metric
[26] is higher then five which means that the dist&afrom the root to these two concept is
small. We can suggest to the user to follow "dagfer" activity by "ask for the RIB".

Also one of the semantic constraints defined onBtRemetamodel concepts concern HR se-
mantic constraint which consist that each actishipuld have a human resource responsible
of it's execution. Our tool shows the number of ldnmesources responsible of the execu-
tion for each activity. As a result the user hasdmplete his model by matching the activity
to a human resource.

Ask for
) delay
AR\
~
L/ Fill for a foreign
mission

]

5 (@

formalities reimbursement

NG
&

21— | | T 3. S T

mission

program mission

delay

Flight
reservatio

l Decision maker I

n

date

Examine the
applicant

not accepted

Review the
application

Correct the
application

&)

(=)

Financial service

migsio
n cgsts

& |2l .5 = om0
& A the RIB transfer
MO record costs

Figure 6. The BP model resulting from quality improvement
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CONCLUSION

The paper presented a work in progress on howpoave quality of business process models by exploit
ing domain knowledge. We presented an approachdbasesemantic quality analysis and quality im-
provement using of domain knowledge ontologies. &pproach takes into account the variety of busi-
ness process model notations by using a metambigeldomain ontology is represented by the means of
ontologies where semantics is enriched by usingra¢kinds of relationships among the conceptss Thi
knowledge is structured again through ontology metdel.

An implementation and an example aiming to illustrtdie approach are described.

The article presents an ongoing work that requieher research to improve it. We are actually kwor
ing on the improvement of distances computing tiampings between the BP models and the ontologies.
We are also working on quality metrics definitidiis part of the work is not presented here. Fnale

are collecting real world domain ontologies andcpss models to conduct an experiment to validage th
approach on a real case study.

To conclude, the main contribution is the enrichtneihsemantic model quality evaluation through the
use of domain ontologies. The paper objective idamonstrate the feasibility of the approach that w
believe could be generalized to other conceptualatsossuch as data models, development process mod-
els, requirement models etc.
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Abstract: In this paper we present the development of tRCAimulator (Ambulatory Procedure Calculator-
simulator). It is an experimental tool for illusirey the effects of technical and semantic errarkaspital report-
ing. Many disciplines are concerned that currentiyecognized inaccuracies in raw data and derinfmation
products endanger the validity of management datssipolicy recommendations and statistical reseggsults.
Healthcare reporting development experiences pteden this experiment support these concerns.rgutiiese
development projects many inaccuracies were foartaetsignificant. They often result from intertwigi contex-
tual reasons rather than from random failures twvige correct data. In this experiment, constructigsearch
methods are applied to demonstrate interdependehetaveen technical and semantic factors with aemxental
dashboard and empirical information. First, thehtbaard calculates the errors that result from #obrical data
flow. Then descriptive empirical information explaiwhat errors mean in reality. The experiment eatggthat
many inaccuracies could be fixed by redefining ganeoncepts semantically to match their local niggnin
addition, the entire information production processuld be monitored transparently from technicad Aauman
perspectives to avoid making invalid decisions.

Key Words: Administrative Data, Constructive Research, Datauracy, Data Quality, Healthcare Information
Systems, Information Accuracy, Information Qualityformation Production Process, Information Pradivedi-
cal Informatics

INTRODUCTION

In hospitals data are stored into many IT systems arious purposes: patient care, hospital
administration, policy making and medical reseatdhfortunately, data often contain errors or thay c

be interpreted in many different ways by variousrasThese problems have significant consequences
since the validity of any decision depends on th&lity and the meaning of the data it is based on.

Data quality challenges, such as errors or semamtigsiguity, become significant problems when data
are used for different purposes in various secgndantexts (figure 1). The reason for this is toagl

data quality errors and semantic mismatches aea ofbt recognized or understood well in the secgnda
usage. The practical significance of data errods semantic heterogeneity becomes visible afteingoti
that in our example the counts of ambulatory pracesl in administrative reports derived from differe
systems varied by almost 50%.
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SEMANTIC
ERRORS

How many
ambulatory
procedures?

I\:El

DATA
ERRORS

Figure 1: Data might contain wrong values or semait mismatches between contexts.

For example, the count of procedures might be basebills or clinical events resulting in semantic
mismatches. Also, the counts of data instancesetkfrom data sources might differ from reality.

To find out the reasons for inconsistencies in adstriative reports and to guarantee the validity of
decisions one must trace the entire data flow fitwenfirst data entry situation to the final utilizen case

of the information products. This principle migleesn self-evident, but in practice it is far fronsg#o
accomplish in collaborative work situations of numes actors. In practice it is very hard to know
answers to questions such as:

- What actual reasons were there to enter the spelzta instance?

- What exactly has been done to each data elemeydsaigchnical data flows?

- Where have the derived information products bedinated?

- What are decision makers actually doing with tHermation products?

Answers to previous questions have been investgtitee and again while developing information
systems for healthcare service providers. The rattim of the research was to find out systematicall
what kind of errors there exists in the informatjmmoduction processes. These findings could be then
used to analyze what kind of consequences theifieherrors have to the information products and
decision making. This problem was studied by s&lgch very limited information product, identifying
errors occurring in the production process andyairgj their effects to the information product and
decision making.

The next section introduces briefly theoreticaliess of information accuracy and traceability. Thiedt
section describes the methods and the process isfstidy. The fourth section describes the
characteristics of the constructed APC-simulatdre Tifth section describes the simulation input and
results while the sixth section continues to aralye details of error calculations and contexissles.
The seventh section discusses the limitations efstiidy and its relationship to the reality of htadp
reporting. The last section summarizes the findergs implications for further research.

PERSPECTIVES ON INFORMATION ACCURACY

Inaccurate information means that data values rdfffam the true state of the phenomena they try to
represent. Accuracy is a widely studied informateprality topic. There exist useful practical [1]dan
academic [2] texts focusing solely on the accurdiogension. Lately different disciplines, such as
medical sciences [3] and statistical sciences ljdjje expressed their concern about the accuracy of
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currently available data from their own perspedivehey are all concerned that currently unrecaghiz
inaccuracies in raw data and derived informatioodpcts endanger the validity of current management
decisions, policy recommendations and statistieakbarch results. Decisions based on erroneous and
biased data could lead to unnecessary costs asgégoances would not be the anticipated ones.

Classification of Semantic Information Accuracy

In the APC-simulator, adjustable accuracy erroegaare inserted into the calculations of a simple
information product. Therefore different typesasturacy errors contributing to the error ratesughbe
defined in more detail. Healthcare data sufferselyidirom inaccuracies [5, 6]. Medical science
researchers are concerned that data can ofterstesratically biased rather than randomly errongdus
8]. Data quality research has pointed out thatdoeste data are often not simply false but rather
semantically heterogeneous [9]. Combining thesspgamtives information accuracy can be categorized
in the following way (table 1).

Semanticlly “wrong” data Semantically “correct” dat
Random errors Systematic errgrs  Representatior@htological het-
heteroeneity erogeneit

Table 1: Semantic accuracy can be affected by actuarrors
but also by semantic mismatches between contexts.

There are two types of semantically “wrong” andréfiere inaccurate data: random errors and systemati
errors. Random errors are individual failures tpresent the true state of the phenomena. A doctor
simply did not recognize the disease. A nurse fotggress the confirmation icon in the user irgeef
while sending digital referral. Systematic errams patterns of failures and mistakes occurring aisgally

for similar reasons and in a similar way. A comaled user interface causes local data update jpnsble
in the same way all the time. Alternative userfdly user interface provides better quality datdieg

to systematic bias between otherwise identical dataces. Some errors are related to the phenomena
itself but many are results of the particular infiation production process.

There are also two types of semantically “corrdmit still potentially inaccurate data: represeotai

and ontological heterogeneity [9]. Representationalerogeneity means different formats of data
requiring straightforward conversions. The curreoay be represented in euros or pounds. The cofints
sold services could be based on fiscal year orndaleyear. Ontological heterogeneity refers to a
problem of slightly different concepts. It oftersudts from actual usage of generalized and ambiguou
concepts. The count of ambulatory procedures paddrin the hospital might be based on clinical
events such as patients entering the operation mofinancial issues like bills sent to the patsent
Semantic heterogeneity leads easily to huge sysiemaors unless data are used carefully in all
contexts.

Traceability in Information Production Processes

Semantic inaccuracies can occur in any phase attiessntire information production process. Tracing
data flows and their error rates, as will be derratesd later, is not a new idea. Ballou and Pazer
presented decades ago a way to model data andspragelity in multi-input and multi-output
information systems [10]. They used data flow déags and algorithms to analyze impact of errors and
quality controls to the selected outputs. Their kvgs continued to a more general modeling of
information manufacturing systems [11] and everm toomplete data quality governance methodology
based on Total Quality Management [12, 13]. FormgXa, Data Quality Flow Models (DQFM) [14] and
IP Maps [15] are examples of methods used to tiaekn data flows.

Technical aspects of tracing data flows in softwsystems are studied under the label of data lmeag
and provenance. According to Cui the goal of distsalge research is to provide systems and algasithm
capable of tracing information products back togbarces which were involved in their productiofi][1
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She notes coarse-grained data lineage systemslprowetadata and process descriptions of data flows
and storages back to the source in schema levelowte research focused on fine-grained data lineage
can trace data back to the original data elemeritsstance level.

Theoretical Considerations of Tracing Accuracy Em®

Information flows and errors are often traced bythods from two complementary perspectives:
organizational information management and technmaftware systems. Information management
methods (e.g., DQFM, IP Map) are used to modekimé&tion production processes in higher abstraction
level. They describe networks of processing androimg units which are either human or technical
actors. Software engineering methods produce festuo technical systems (e.g., data lineage
capability). They are used to trace backwards wdods implemented software elements such as tables
processes, objects and instances. Together thesplarnentary methods provide necessary formal
information about information production processes.

Unfortunately, in practice automatic data impacalgsis and data lineage functions are not yet widel
used in heterogeneous software-system environmotexample, Gartner [17] has stated that the lack
of a single unified metadata layer or capabilitpttspans Enterprise Business Intelligence platforms
components is a problem for many software provideidtheir technology platforms. In practice Gartne
means technical capabilities related to the tratiBabf information flows: metadata modeling, data
impact analysis and data lineage. IP Maps and ainmiodeling methods can be used to document
information production processes when automatibrielogical support is unavailable or technically to
complex for multidisciplinary communication. Theoptem is that manual modeling and documentation
is laborous and error prone while tracing calcolatiules and semantic mismatches across information
production processes. In the future, these methlodsld be integrated to combine their strengths.

Most importantly, from the perspective of infornmatiaccuracy, all previously mentioned methods suffe
from the same problem. Their current ability totcap, store and provide contextual information dabou
relevant human factors is limited. Therefore, cutrrgtate-of-art research is extending IP Maps t¢PCE
Maps: Context-embedded Information Product Map$. [I8e same should be done also to technological
platforms by adding more contextual metadata toeturtechnical features. In this study, we proide
empirically inspired example why these methods khde supplemented with additional contextual
human information.

CONSTRUCTIVE RESEARCH M ETHODS

Constructive research refers to a scientific precafsproducing solutions to explicit problems [19].
Solutions can be theoretical and practical constus, such as models, methods, organizations or
prototypes. Constructive approach is often usedapplied sciences, such as computer science,
engineering or clinical medicine.

Kasanen et al. point out that anything that sobrggoblem cannot be called constructive researbh. T
research process and the construction itself mastinked to theoretical background and practical
relevance. In addition the research must contribwtiie scientific discussion and provide evidefore
being feasible and functioning in practice [19].sigm science is one of the many methodologies used
widely in data and information quality research][28s design science can be seen as a part of the
constructive approach, many of the guidelines ssiggeby Hevner et al. [21] were followed in this
experiment to guarantee the quality of the reseprohess, scientific constructions and derived ltesu

In this case, the research methods combine obgmmahtexperimental and descriptive methods [21].
Informal interviews were used to observe the realftthe selected information production procedse T
experimental APC-simulator was used to visualize pghenomena and its characteristics. Finally,
informed argumentation was used to describe thensistencies between reports by combining local
empirical information and selected scientific fings from other places.
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Constructive Research Process
This study follows the constructive research precescribed by Kasanen et al. [19].

Identifying Research Questions

The motivation of this research was to demonstiaehnical mechanisms and human reasons
contributing to the information accuracy problemsadministrative reports. The best way to do thas w
to choose a familiar everyday healthcare concegttae simplest possible report calculation process
which could be found to suffer from large-scale agtit heterogeneity.

The semantic concept was chosen to be ‘ambulatogepure’. It is defined as ‘a surgery performed on
a person who enters and leaves from the hospitdhe@rsame day’. This concept is very important in
practice since healthcare procedures are delibgragéng transformed towards ambulatory mode. It is
more cost-effective and safer than alternative motensive forms of procedures resulting to similar
health outcomes. As medical sciences advance, tre mwperations can and will be performed in
ambulatory mode.

The following research questions were derived dfterconcept was selected:

1. How to calculate the count of ‘ambulatory procedut®sed on a single Boolean attribute in a real
hospital environment?

2. What kind of quantitative and qualitative inaccueacthere exists in the calculation process of ‘am-
bulatory procedures’?

3. How do these contextual inaccuracies affect theiidimative reports including ‘ambulatory proce-
dures’?

4. Why do these inaccuracies exist in the productimegss in the first place?

Gathering Understanding

The research site was a university hospital pragdertiary care for almost half million people.€Th
presented calculation rules, original report daté eontextual details were encountered during nad
data warehousing project. The project’s goal walsuitd a centralized data warehouse to unify thia da
across separate information systems. It was founndhat there were systematic and contextual reason
for inconsistencies between reports derived froffeint systems. Many error rates just could not be
classified simply as random failures to enter altety correct data. Quite often there were intering
technical and organizational issues leading tolmsfbetween contexts. The exact research case was
chosen after semantic heterogeneity, existing eai@s and contextual reasons were recognized & be
critical management problem. Later, additional emal information was gathered by informally
interviewing relevant practitioners with healthgastatistical and technical education. The topicthe
interviews included, for example, clinical work ptiaes, user interfaces, software database stestur
data extraction scripts, report calculation rulesl aeport usage depending on the expertise of each
practitioner. The purpose was to verify what thesers actually mean in practice and why they arist
the organizational reality in the first place. Ripathe most important details were confirmed Ioyadls.

In this way, the author’'s previous work notes ahé WAPC-simulator were iteratively and more
objectively verified by others for scientific purges.

Constructing Artefact

Originally, the APC-simulator (figure 2) was implemied as an interactive dashboard on top of a
spreadsheet. Report calculation rules and artifideda fields were implemented in the spreadsheet
functions. Functionally, the spreadsheet simplgwalted the impacts of accuracy error rates toouari
alternative reports. Then, the user interface layas constructed to display alternative more user-
friendly views including adjustable input fieldsyrdimic reports and information windows. The
dashboard allowed users to adjust rates of each e and see what happens to artificial repiorts
real time.
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L5

| Potilaiden hoitotarpeet | Sairaalan toiminta \ Tietojérjestelmat \F-'HQMWM Tiedon poiminta |

S 55 % todenndkdisyydelld pdivakirurgiakdynnin kirjaamisessa Oberon puute

:./— 10 % todennakdisyydelld pdivakirurgisessa kdynnissad Operan kirjaamisen puute.

— 33 % todennakdisyydelld leikkauskdynnin kirjaamisessa Opera virhe

:V"— 12 % todennakdisyydelld leikkauskdynnin kirjaamisessa Oberon virhe

C;)xw— 0 % todenndkdisyydelld avohoitokdynnin kirjaamisessa Oberon virhe.
(Liikuta virhe-mittareita nghdéksesi mita tapahtuu kansallisille tilastoille) ( SELTTYS
_ Kansallisetitoimintatilastot Toimintatilastojen tulkinta
LEIKKAUS[PAIKT[VIRHELISTA[ [ [ | [KAYNTI[ ]| ORGANISAATIO (Klikkea safraalan rivis tlastosta)
147 53 0 1000 Sairaala 1
L g 10 1000 Sairaala 2 Péivakirurgisiksi leikkauskéynneiksi on
160 40 0 1000 Sairaala 3 laskettu ainoastaan molempiin seka
- Oberoniin ettd Operaan kirjatut
68 132 0 1000 Sairaala 4 paivakirurgiat.
68 53 79 1000 Sairaala 5
68 119 13 1000 Sairaala 6
- Tiedot tarkistetaan molemmista, mutta
68 40 91 1000 Sairaala 7 jérjestelmien kesken ristiriitaiset ja
68 132 o1 1000 Sairaala 8 puutteelliset merkinnat tulkitaan
normaaleiksi leikkauksiksi.

Figure 2: The APC-simulator is an interactive dashbard. User can insert varying accuracy error
rates to data. Each hospital (sairaala in Finnishipas a different calculation rule to report the coum
of procedures.

Demonstrating Results

The APC-simulator and empirical findings, describedfollowing sections, were presented to many
internal stakeholders and external contacts. Thegmtations were mostly informal meetings including
for example, chief medical officers, managements@enel and researchers. The APC-simulator was
used to illustrate visually the consequences oplndata accuracy errors to different reports aulye
suffering from inconsistent values. Error types agypbrts were then explained by using the inforamati
gained from previous informal interviews.

In this way, the reasons and mechanisms causinguidpe inconsistency in different reports becameemor
understandable. The reports were not anymore simpbyng or unreliable. They were noticed to be
different for many good reasons that weren'’t visifdr all stakeholders. The illustration also pdad a
way to visualize and explain the need for a bettecumentation about information products and
information production processes. As a result, ARC-simulator provided a practical way to start
discussions about data quality problems. Additignal was used to argue for a need to start a data
quality research project to identify, fix and pravsimilar currently hidden information accuracyoes

in information production processes.

DESCRIPTION OF THE APC-SIMULATOR

Following calculation rules and identified conteadtexplanations are all based on the reality aljhou
there does not exist exactly these hospitals octhxtnese error rates. The amount of hospitalsraad-
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nitudes of error rates have been chosen to illiesttee characteristics and the consequences atiilde
ied phenomena. Also, to simplify the presented Brpant some of the APC-simulator’s properties will
be ignored in this article. The APC-simulator caméathree layers of adjustable variables: medieal s
vices, data error rates and report calculatiorstule

The amount of patients and types of services

The APC-simulation assumes four identical hospitash providing perfect quality medical services.
Also the patient population is absolutely identiddierefore the same amount of identical patientsre
each hospital and they all receive similar peréact. The APC-simulator allows adjusting the cowfits
patients entering the hospitals: a) patients réegisambulatory procedure, b) patients receivingmadr
procedure and c) patients not receiving any proeedtable 2). This variable selection covers all
possible patient cases also in reality. To simplify article the variables related to the type € raot
used although they do exist in the implemented Al@ilator.

PERFORMED MEDICAL SERVICES

Service Type Correct Data Value Patient Count
(EPR:OR) (Adjustable)

Ambulatory procedures 1:1 100

Normal procedures 0:0 100

Visits without procedures| Ignored Ignored

Table 2: The amount of patients is set to be idemal for all hospitals.
The counts can be adjusted interactively.

The percentage and type of input errors

Hospitals have identical information systems: et@dt patient records (EPR-system) and operation
room management (OR-system). During patient viséalthcare practitioners are expected to insert a
mark in each system for each patient receivingrabhuatory procedure. In theory, each patient should
have value ‘true = 1’ or value ‘false = 0’ in botfi the systems in all moments of time. However, in
technical data there are exactly four possible ¢oatlons: ‘1:1’, ‘1:0’, ‘0:1' and ‘0:0'.

The APC-simulator allows altering the error peregjess. There exist exactly four types of errorssings
true in EPR, missing true in OR, invalid true inFERNd invalid true in OR (table 3). To simplify the
APC-simulator every hospital has identical errasfie. In practice, it would be trivial to add indlilual
error profile for each hospital. However, that wboihly make the APC-simulator more complicated to
follow. In this case, one would choose exactly Bsme error rates for each hospital anyway to
communicate the conclusions. The purpose of thellabar is to illustrate error rates and their imgac
rather than simulate the real reporting environnireiits whole complexity.

DATA INPUT ERRORS

Error Types Correct Value Entered Value Error Rates
(EPR:OR) (EPR:OR) (Adjustable)

Missing true in| 1:1 0:1 40 %

EPR

Missing true in OR | 1:1 1:0 5%

Invalid true in EPR| 0:0 1:0 5%

Invalid true in OR 0:0 0:1 10 %

Table 3: Error rates are adjustable and user seesiireal-time how altering percentages make re-
ported counts diverge from actually produced servies.

The data source and calculation rules
In practice, each hospital has a choice to repotiudatory procedures by calculating their countrfro
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one of the systems or using both of them (table 4):

DATA SOURCES AND HOSPITALS

Data Source Calculation Rule Hospital
EPR EPR Hospital A
OR OR Hospital B
EPR, OR EPR and OR Hospital C
EPR, OR EPR or OR Hospital D

Table 4: All hospitals share identical data and eror profile to highlight the importance of calcula-
tion rules. This theoretical situation occurs alsdn practice when different departments build own
departmental reports from the same system.

RESULTS OF THE APC-SIMULATION

While dynamically setting up the patient countsdach patient type (table 2), one can see the tejor
real-time. Each hospital has identical counts obalattory procedures, normal procedures and regular
patient encounters in dashboard all changing ifepeharmony.

However, after altering the error percentages fmious error types (table 3) one can see the report
diverge rapidly although in the APC-simulator edudspital has same data and identical error profile.
The reason for the emerging inconsistency is teevariable: calculation rules (table 4). Erronedatsa
contain contradictory values in source systemscahcllation rules treat sources differently.

One possible simulation input data (table 5) resintfollowing reports (table 6). The magnitudes of
presented error rates are informed guesses chosdantonstrate the issue rather than scientifically
validated facts. They were chosen to reflect tioe thzat in reality the total difference betweentegss is
near 50%. Each error rate was selected to rougatghrtheir estimated scopes in relation to eacéroth

USER INPUTS
MEDICAL SERVICES - REALITY INPUT ERRORS — RAW DATA
Service Correct Patient Error Raw Data Error
Type Data Count Types Rates
Ambulatory | 1:1 100 Missing 0:1 40 %
Procedure true in EPR
Normal 0:0 100 Missing 1.0 5%
Procedure true in OR
Invalid true| 1:0 5%
EPR
Invalid true| 0:1 10 %
OR

Table 5: User can adjust ‘patient count’ and ‘error rates’
to simulate their impacts to the reports for each bspital.

The high amount (40%) of missing ambulatory procedun the EPR-system results from subjective
decisions of individual healthcare practitionersblt service practitioners often do not want tada
more expensive bill to students, elderly, singléhacs or even to any of the patients. They simplyadt
update the variable to the ‘true’-state for finah@nd social reasons.

The smaller amount (10%) of invalid ‘true’-valuesthe OR-system results from data entry policied an
technical limitations of existing software systefibe operation room staff plans procedures accgrdin
to their local operational and patients’ medicajjuieements. These values can be considered quite
reliable since they are used in their internal peses and are generated by automatic timestamps.
Unfortunately sometimes the reality does not follosginal plans. A patient receiving an ambulatory
procedure must stay in hospital overnight, a pldrem@bulatory procedure must be changed to another
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one or something else happens. After the patieavele the immediate operation situation, these galue
will not be updated back to ‘false’ in OR-systemutMven if the situation changes later for a reason
another. Therefore, reports published from the @fesn contain always more ambulatory procedures
than were actually performed from the perspectivi® generalized definition.

The smaller inaccuracies (5%) were chosen mainlsifoulation purposes. It might be that also these
error types exist. For example, in the EPR-systera might make a mistake between several user
interface windows and send an ambulatory bill tarang patient. It is more likely that mistakes like
these will be corrected later after patients noticeng bills. Therefore these two smaller erroretyare

not so likely because of the technical characiesgif current software systems, local clinicalqasses
and human motives. In addition, these two otheoretypes would be more clearly random human
mistakes rather than systematic semantic mismattdssibed earlier.

SIMULATION RESULTS

Data Calculation Hospital Reported Nor- | Reported Am-

Source Rule mal Procedures | bulatory Proce-
dures

EPR EPR Hospital A 135 65

OR OR Hospital B 95 105

EPR, OR EPR and OR| Hospital C 143 57

EPR, OR EPR or OR Hospital D 88 112

Table 6: Reports are calculated from identical datancluding identical errors
but using different calculation rules.

The presented APC-simulation demonstrates how pbttee reports match with the reality. Data in both
systems includes errors and therefore it doesemesent exactly what it is assumed or documeisted t
represent. In addition, each hospital produces dédfgrent numbers from identical data by choosing
different calculation logic to calculate their affil count of ambulatory procedures. All differeada
reported counts result from accuracy errors andrial manipulation logic rather than describe any
differences in reality of medical services. Theidagf the experiment is illustrated in followingyfire 3.

REALITY REPORTS SEMANTIC MEANING
These are the medical procedures These are the alternative counts of These are the actual meanings of
performed in the hospital. ambulatory performed procedures. reports.

SEMANTIC MISMATCHES
ERROR = Ontological heterogeneity in
information production process.

Electronic PatientRecord

0 MISSING1in EPR
ERROR = Subjective billing choice in user interface

"Will be billed from
patient as AP”

Ambulatory

Procedures Procedures

"Planned to be AP”

"Will be billed and was
planned as AP”
"Might be billed or

might have been
planned as AP”

1
1
0
0

[

INVALID 1 in ORS
ERROR = Systematic data entry practice

Figure 3: The experiment simply demonstrates the effects oflfustable error rates and calculates a
set of different reports. Additionally it can be u®d to clarify the semantic meanings of each error
and report.

The APC-simulation demonstrates how the final imfation product is highly dependent on usually
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unrecognized accuracy error rates in raw data atetnal characteristics of the calculation rulds. |
decision makers or researchers rely just on thertgftable 6) they might think that there areatiéhces
between hospitals. On the contrary, they shouldwktive existing inaccuracies as well as all the
calculations rules to be able to make valid corichssfrom different reports.

The experiment is used to illustrate the phenonoafiad ontological heterogeneity [9]. The highasbe
rates are relative and result from semantic mishestdetween slightly different concepts in inforiorat
production processes. The EPR-system contains aetyrinformation about ambulatory procedure
patient bills and the OR-system stores accurateypianned work flows of operation room services.
However, their semantic details in the local cohtde not fully match with each other nor the
generalized definition used by administration aatiamal statistics.

INTERPRETING THE RESULTS

Analyzing Impacts of Error Rates in Technical Datdow

Hospital D claims to have produced 112 ambulatoyc@dures while hospital C reports only 57
ambulatory procedures. Neither is even close tag¢hecount (100) which they both have producec Th
count of hospital D appears to be almost twice tfidhe hospital C although the largest error rede

set to be just 40% and other error rates muchthkess that. This demonstrates how accuracy errars ca
multiply their impacts because of internal calcoliatogic in information production processes.

On the other hand, inaccuracies might seem to kdresause of lucky choices in data sources. Hdspita
B reports 105 ambulatory procedures based solefh@®rOR-system data and getting quite close to the
true value of 100. However, even they have a sekiglden data quality problem in the OR-system
although the final overestimation is only 5%. Aseooan see, in reality 15 patients have wrong
information in the OR-system. The true value isgimg from the records of five patients while ten
patients have an additional invalid true. Errora @@ssen the impact of each other even in the same
source system.

The actual data values make it also visible how cawenot always determine the semantic accuracy
errors from input or output data. In this casesiimpossible to know even whether data instance 16:

an inaccurate value resulting from missing ‘1’ frdinl’ or invalid ‘1’ in ‘0:0’. It might be that
contextual information about work practices, usgerface structures or application logics couldegiv
hints which one is the more common error in thaloeality.

Identifying Underlying Reasons for the Error Rates

It would be easy to just argue that healthcaretpi@wers should enter the data accurately, coreplet
and timely to avoid error rates in the first platinfortunately many inaccuracies happen for a good
reason. Error rates become more understandablecaitéextual meanings of each data element, error
rate and report are revealed. In this way, onebedter understand why these hidden error rates iexis
the reality and what could be done to avoid sinslarations in the future.

Reasons for Errors in the Electronic Patient RecordSystem

The high amount (40%) of missing ambulatory procedun the EPR-system was noted to result from
the subjective decisions of individual doctors awdses. It could also be seen as a semantic nubma
between different contexts. First, the hospitafcial data entry guideline clearly states that skegtus of
ambulatory procedure should be documented in thB-&RBtem. That is because it is technically
impossible to document it in the OR-system. Seqgribe user interface in the EPR-system screeasstat
explicitly handling only a billing issue and thisxt field is seen constantly by healthcare practérs.
There reads ‘bill from patient as ambulatory praged Finally, IT-department uses database atteibut
descriptions which match the administrative docutaigon but not the actual usage and user interface.
All these semantic domains are used by differemr goups. Administration uses guidelines and
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organizational structures to control the work praas. Medical practitioners work with the actual
software systems. They rarely have time or willréad and follow all the details of administrative
guidelines. Finally, the IT people extract datanfr@ystem tables and rely mostly on the technical
documentation.

One underlying reason for the semantic mismatthasthe administration has tried to standardize da
definitions and provide information for secondaes in local administration and national statistics
Everything in the information production processwhanged but the tiny text field in the user ifstees.
The proprietary software system’s user interfaae [ettient billing logic were not altered to supptbit
particular customer requirement.

Administrative efforts to teach users to enter dataupport administrative requirements do not wark
practice when they are in opposition to contexreguirements and motivations. Neither can technical
database specifications nor report calculationsrulbange the true meaning of entered data in live
patient care contexts. In practice, the simple ustnface text just overrules all the other sengant
meanings across the whole information producti@tgss.

Reasons for Errors in the Operation Room ManagemenBystem

The smaller error rate (10%) of additional ambulafarocedures in the OR-system is based on the lack
of updating the variable even if the situation gfes Unfortunately, neither this error rate careasily
fixed just by changing the data entry guidelineipalate the variable for several reasons. The rmaote

is actually a complex combination of technical waite restrictions, organizational practices and a
problematic nature of the administrative concegalft The OR-system does not have any good tedhnica
option for users to insert such a value just foniistrative purposes. Software technology prowddee

not easily willing to change their user interfaceperties or internal application structures ofirthe
proprietary software to suit better the needs sihgle customer in one country. There are alsoraikes

for non-updated variables in internal managemert development. It is useful to have a series of
different counts of ‘ambulatory procedures’. Eadks lown contextual meaning relevant for internal
operation room processes. The count of planned ktaoy procedures decreases step by step for \&ariou
reasons. There is a need for different reports eacived from different timestamp or other variable
Forcing a single version of the truth or updatirzgiables could result in the loss of necessaryioers
history or destruction of critical semantic diffaoes leading to other reporting problems.

The concept of ambulatory procedure itself is peotdtic in actual medical work contexts. In reatlity
patient might stay overnight in another ward oniclirather than in the immediate one performing the
procedure. Practitioners in the operation room migit know what happens later in other places. They
might not know when to update it back to ‘falseitss even if they were able to do so.

Potential Solutions to Fix the Errors

The definition seems simple - a surgery performed g@erson who enters and leaves from the hospital
on the same day. In reality, the definition regsiifacts that are currently scattered and volabtle f
complex contextual reasons. These facts are clyrdr@ndled simultaneously by two separate
information systems, several organizational unitgl aifferent practitioners. The current system
architecture and the selected variables make ibgsiple to derive directly and accurately the caafnt
performed ambulatory procedures based on curreidna definitions. It would be possible to get a
better estimation of the correct count by selectfigrnative variables while integrating data tdeda
warehouse. This was being done by the time of #ia @arehousing project and it has been done in
some other similar hospitals. Extracted patienit timestamps from the EPR-system and procedure
codes from the OR-system could be matched in argmde data warehouse to get a closer estimation o
the correct count. However, even then there wouwltemany alternative counts of ambulatory
procedures each having a slightly different sencam@&aning. One would still have to choose between
alternative calculation rules to interpret the &ftons when patients end up receiving several jioes,
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inpatient episodes and outpatient encounters dtin@game day. Each new variable and calculatiten ru
would also introduce a new source of potential énaacies. Most importantly, even identical caldolat
rules and variables can produce heterogeneousmaf@n products if there exists differences in othe
parts of the information production processes.éx@ample, contextual details in work practices, sion

of labour, user interfaces, human motivations, dorterminology etc. can introduce systematic accyra
error rates such as described in this case. Onddskoow these contextual details to be able teaet
potential inaccuracies and semantic mismatches #nat embedded in the information products
constructed for varying purposes.

L IMITATIONS OF THE STUDY

The previous technical calculation process and Bogpiexplanations are only a partial descriptiérao
more complex reality (figure 4). The case was chose illustrate the most important general
characteristics of the studied phenomena rather phaviding a full picture of all details found the

real reporting environment.
ﬂlectronic Patient Recorh

LU eI Activity Statistics Report 2010

Inpatient rocedure codes and
services p ) ” / 10726 Ambulatory Procedures
matching dates’ /

Outpatient “Patient billed

services

ambulatory procedures”

Inpatient and “Planned ambulatory Operation Room Report 2010

procedures” 15687 Ambulatory Procedures

outpatient
Services

Operation Room System

Figure 4: The experiment is a simplified snapshot of a realaporting case. It describes the process
of counting ambulatory procedures during outpatientservices.

The experiment demonstrates the information pradocprocess from technical and contextual
perspective in the outpatient services. In addjtipatients can be admitted into hospital wards. The
inpatient service case was ignored to limit thepscof the experiment. In reality, it is very simixcept
‘subjective billing choice’ would be changed witimanual duplication of procedure code from the OR-
system to the EPR-system’. Missing codes remaiim#as problem since practitioners do not always
duplicate the codes accurately to additional feee-fields in multiple systems just for adminisivat
purposes.

In addition, variables describing the status of dngbulatory procedure could be looked up from many
different system tables in each system. It is mwhgs possible to know how proprietary softwarek$in

its internal variables and system tables. Soméefvariables might be triggered or virtual dupksat
between system tables while others might be indadidields in each system table. In any case, theze
actually much more potential reports than those fwasented in the simulation. Each would descaibe
slightly different semantic variation of ‘ambulaggsrocedures’.

Currently, the exact error rates and all their etypes in their full detail are not known eithéris well
known that the counts in reports differ signifidgrgccording to the report sources and this hasexu
distrust to the reports. The official activity s¢dts (generated from the EPR-system) in the 2€410
depicts 10726 ambulatory procedures. The operatmym management report (generated from
departmental software) identifies 15687 ambulasomgeries in the same year.

The purpose of the APC-simulator and this artisl¢oiillustrate the interdependencies between lysual
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hidden accuracy errors and their origin such asaséimheterogeneity. In reality, even technicatyrsd
data often contain similar huge but hidden accusaoyr rates. Their scope and origin can be fourd o
only by using multiple complementary methods aciofzrmation production processes. In the future,
more comprehensive case studies should be usethde semantic origins and error rates across
information production processes. These studiesldhgystematically combine empirical field studies,
data analytics and modeling methods. By combinirgghads from multiple scientific disciplines, one
could trace more complex semantic concepts in amwidtwork of information production.

CONCLUSIONS

The empirical findings presented here suggesttti@e exist significant inaccuracies in healthciat
and information products. There is also a lot aésiific evidence that healthcare data and inforomat
products include regularly inaccuracies [3, 5, §, IBaccuracies in data endanger the validity of
management decisions, policy recommendations aatistgtal research results unless they are
recognized, fixed and prevented.

The experiment demonstrated how inaccuracies ia ¢t diminish or multiply because of the internal
characteristics of information production procesJaesdetermine the accuracy of information products
one must know these internal characteristics. Toerethe entire information production processustio

be made completely transparent to avoid unpreditadghavior of hidden error rates.

The empirical explanations highlighted how sigrdfit error rates can be actually semantic mismatches
between contexts. These mismatches can occur ipamyf the information production process because
of subtle contextual details. A type of user irded input field or a systematic data entry pracfides
analyses of technical data flow made it also vesibbw the semantic accuracy of a semantic concept
cannot be determined by studying only data. Techiyiddentical data can still be semantically
heterogeneous. To recognize semantic accuracyserdata flows should be supplemented with
contextual information about human factors and seimaletails in the actual information production
process.

Ontological heterogeneity like presented in thipaezkment could be fixed by redefining the concepts
their local meanings [9]. In practice, the semaxbatexts (e.g., data entry guidelines, user iaterf
application logic) should all match. Then data ddut redefined to match accurately this local dieédim
rather than trying to change it to match ambigubefinitions of secondary uses. Unfortunately thiadt
always possible since secondary uses might expdéatnation that cannot be produced directly in
organizational reality. In these cases, the subdlmantic differences between primary meanings and
secondary expectations should be made visible., Als® magnitude of accuracy error rate between
contextual meanings should be monitored to guaeathie validity of decisions.

On the whole, the experiment highlights a needfdiother research. Information accuracy errors and
semantic lineage should be made visible for akedtalders across information production processes.
Additional contextual information about human fastand technical details in information production
processes and information products could be use@termine their fitness for different purposeslyOn

in this way, one can guarantee the validity of dsiecis in management, development, research and
regulation of healthcare services.
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Abstract: Accuracy, among the most discussed data qualiyedsions in literature, reflects the extent
to which data values match a baseline perceivdgttoorrect — e.g., the true real-world attributkigs,

or another validated dataset. Even when data vavesaccurate when acquired, their accuracy may
degrade over time - certain properties of real-teritities may change, while the data values tf&at
them are not being updated. Drawing on that assomghis study suggests a Markov-Chain model that
describes accuracy degradation over time — theslgssing the likelihood of a data attribute toditgon
from one state to another within a given time perievaluation of the model with real-world datasko

its potential contribution for a few key data-qtyalnanagement tasks, such as the prediction ofracgu
degradation, and the development of data auditinignaaintenance policies.

Key Words: Data Quality, Accuracy, Currency, Markov-Chain Mbde

INTRODUCTION AND BACKGROUND

Accuracy, the extent of data correctness, is antbagnost discussed data quality (DQ) dimensions. A
data item is considered to be inaccurate if its@@oesn’t match the correct real-world value,rmther
baseline value that was validated to be correceifEand Shankaranarayanan, 2007). Errors in data
acquisition (e.g., flawed data-entry) and procepgmg., calculation errors) (Ballou et al., 1928¢
common causes for inaccuracies. However, this stgyes that even if data values are being recorded
and processed correctly - inaccuracies mightatitlur. Real-world entity may change over time (eag.
person may change address, marital status, oconpatid other attributes), and if the data is regitk
up-to-date — it becomes inaccurate, as it no longiects the correct real-world value. This cafere
inaccuracies can be linked to another commonlyudised DQ dimension — currency (or recency), which
reflects failures to keep data items up-to-datee(Eand Shankaranarayanan, 2007; Heinrich et &9;20
Heinrich and Klier, 2011).

We suggests that in certain DQ management scendmoslimensions of accuracy and currency are
closely interlinked — as data becomes less curieigt,also likely to become less accurate. The ehod
developed in this study links the likelihood ofextain data item to become inaccurate to the tiassed
from the last update of that data item. Comparedther commonly-discussed DQ dimensions such as
completeness, validity, and currency — accuraegush more challenging to manage and improve. This
argument is backed by the comparison in Table i¢clwlummarizes typical solutions for handling the
defects associated with the four DQ dimensionsitsly, these are examples only — DQ literature has
discussed many others possible solutions). The adsgn highlights a few key differences between
accuracy vs. the other dimensions:

a) Completeness, validity and currency can be detemtedcorrected independently, based on the
data itself, while detecting accuracy requiresréage external baseline for comparison.
b) With completeness, validity and currency, the rdéesdetection are clearly defined and easier to
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implement (e.g., by running a well-defined SQL g)iewhile the comparison to a baseline might be
more challenging (e.g., when no key attributessaglable for comparison).

c) Completeness, validity, and currency degradationlmm prevented (or, at least aided to an ex-
tent) by technical solutions, which are availaldday in many software packages - e.g., tools for pr
gramming data-entry screens, database managensahsy(DBMS), and data processing utilities in
business-intelligence (BI) systems (a.k.a. ETL #&oction, Transformation, Loading). On the othendha

— preventing, or even alerting, on data accuradgatie requires some human “wisdom” , beyond a purel
technical solution — e.g., defining a set of businrules that would “flag out” data values thategpto

be erroneous.

Dimensior Completenes Validity Currency Accuracy
Defects reflet- | Missing data valu¢ | Mismatch betwee | Outdated dat Incorrect data -
ed data values and thevalues ues
attribute’s domail
Detection Querying the a- Querying the a- Querying the a- Comparing record
(In Existing taset for records | taset for records | taset’s for and data values
Datasets) with undesired with attribute val- | timestamps that | against a baseline
NULL values ues that contradict indicate too-large | perceived to be
the desired domain time margin since | correct (e.g., the
last update real-world entity, a
validated datase
Correction: Imputation-filling | Setting a defaul Triggering date Updating values
(Automatical- | missing values, value, that matche| collection or up- | based on the vali-
ly, Using Soft- | based on similarity| the domain date requests dated baseline
ware Tools) to other recorc
Preventian: Defining attributes | Using visual aid: | Alerts on a recorc | Alerts on value
(Front-End) as mandatory in (e.g., “radio but- | or values within a | that appear to be
data-entry tools tons”, “drop-down | record, that are not incorrect, based on
lists”) that enforce | up-to-date some business
value omaing rules
Prevention: Defining an attib- | Adding “CHECK” | Expedite data |o- | Setting busines
(Back-End) ute as constraints, that | cesses rules (e.g., in a
“NOT NULL” prevent storing form of database
values that conflict “triggers”) that will
with the attribute’s alert on “suspi-
value omair cious” value

Table 1.Typical Solutions for Handling Defects— a Comparison of DQ Dimension

Acknowledging the relative difficulty — the DQ lit#ture has addresses the issue of accuracy
management and improvement in a plethora of studiegliscussed above, the task of identifying and
correcting accuracy defects is inherently challeggiand expensive (Olson, 2003; Even and
Shankaranarayanan, 2007). Accuracy improvemenh ofiquires a baseline, against which data items
can be compared - either the real-world entitylfitée.g., surveying a person and validating his/her
personal details), or another data source percdivdéa accurate (e.g., validating customers’ add#®s
against a list provided by the post services).

However, in many real-world DQ management scenasosh solutions cannot be applied - a reliable
and validated data sources is not always availaibleery costly if available, and auditing a ladptaset
against real-world entities might turn out to be &xpensive. Other solutions — e.g., improving the
design of data-entry screens, training end-usasredesigning data-acquisition processes (Olg083)2
— can possibly reduce the chances of error, buehmwinate inaccuracies entirely. A few studieg(e.
Ballou and Pazer, 1995; Even et al., 2010; Askieda@@n, 2010) have pointed out the tradeoffs batwee
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the desired goal of raising accuracy to the higlpesisible level versus the high costs involved, and
proposed approaches for assessing these tradadffetting the optimal accuracy-level target. Hosvev
even if some inaccuracies are acceptable — iilisstical to assess, monitor, and improve theelleof
accuracy, otherwise quality might degrade to atpbiat data resource might become unfit to use.

DQ literature has suggested a few different methodsassessing and estimating accuracy levels. A
commonly-used metric defines accuracy level agdtie between the number of incorrect data itents an
the total number of data items (Pipino et al., 2008is ratio definition can be extended by additifity
weights that reflect relative importance from thel-@isers’ standpoint (Even and Shankaranarayanan;
2007). Sessions and Valtorta (2009) use a Bay@seswork algorithm for assessing data accuracy based
on the links between data values. Fisher et alD9P@evelop an accuracy metric that considers error
distributions toward detecting systematic errorskifa-Gelman (2011) analyzes the link between
accuracy assessments at the input level (raw dgatays the output level (the decision made), shgwin
that the association is not necessarily positive.

While these assessment methods reflect differemts/of accuracy and the mechanisms behind it — they
have a few issues in common. First, with all thesthods, accuracy cannot be assessed independently,
based on the data itself. The assessment requiegain baseline for comparison and/or some manual
intervention and, as discussed earlier — in maaywerld scenarios such solutions are not viabte, o
might turn out to be too expensive. Second, thessssent reflects the current state of accurachowit
showing changes in behavior over time. Data ressuace dynamic in their nature — data can be added
and/or updated and, as a result, the accuracy state change. We suggest that quantifying and
analyzing accuracy progressions and trends ovee tane critical for cost-effective accuracy
management. This leads to the third issue — acgwassessment models that do not take into acchant t
behavior over time, cannot provide predictive calfisds.

These issues motivated our development of a Matkwain (MC) model that describes accuracy
degradation over time. MC models are a common agbrdor describing stochastic processes (Ross,
1996). They have been used in a plethora of sfieatid applicative contexts — e.g., Customer Ratat
Management (Pfeifer, 2000), Queuing theory (Hetfétrgt al., 2010), and Computerized Simulations
(El-Haddad, 2010); however, they have rarely bgaplied in the context of data quality management.
We suggest that the developed model can contribigeificantly to some important data quality
management tasks — estimating accuracy when ait@ader comparison is unavailable or limited,
predicting accuracy degradation of newly acquireatad and prioritizing accuracy auditing and
improvement efforts. We next describe the modekttgpment and discuss its potential contribution. We
follow that with evaluation of the model with reabrld data. Finally, we offer some concluding reksar
and discuss limitations and directions for futuesearch.

ACCURACY DEGRADATION OVER TIME : A MARKOV -CHAIN M ODEL

In our study, we adapt the Markov-Chain (MC) modestochastic processes to reflect changes in the
attribute values of a real-world entity. Our moteapplied for a tabular dataset with N recordslé€ixed

by [n]), each reflecting an instance of a certaaliworld entity, and M columns that reflect entity
attributes (indexed by [m]). A data item in attrieym] of record [n] is said to be accurate if velue
X™™ reflects correctly the real-world value, and inaate otherwise. Our model addresses scenarios in
which data values are accurate (i.e., reflectsectlyr the real-world attribute) at the time of aisifion
(t=0), and remains unchanged else if updated lateipurpose. If certain properties of real-world
instances change over time, and the associatedtéais are not being updated accordingly — withesom
likelihood, those data items will no longer reflectrrectly the current real-world values, and resitl
some accuracy degradation.
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The Markov-Chain model is based on the likelihoddh @ertain object to transition from one state to
another within a given time period. We first addrassingle data item, which describes a certaipgty

of a real-world entity. A data item may transitiavithin a given time period, from one state (a a@iert
data value) to another. For example (Figure 1),“Marital Status” of a certain person may transitio
between four states — “Single”, “Married”, “Divore’e or “Widower”. If a certain person is single g

1) at the beginning of a certain time period (tza}h some probability (P), s/he will stay single by the
end of that period (t=1). However, with some praligts/he may become married, divorcee, or widower
(P2, Pi3, and R4 respectively). Similarly, we can define transitiprobabilities between all other

states.
P 1.1

Pi3 Py

Figure 1. Transition Probabilities for the “Single” st

The model is developed for each data attributegaddently, and targets attributes with discreteieal
domains — i.e., a finite set of J possible valiredexed by [j] (e.g., Marital Status, OccupationRegion

of residence). Time is modeled as a discrete viarigl= 0, 1, 2, ..), where the values reflectsadime
intervals (e.g., day, month, year). Notably, exiems of the MC model have also addressed multi-
dimensional attribute vectors, as well as contisuaiue domains and time variables (e.g., El-Haddad
al., 2010; Heifergott et al., 2010) — and our mackel be extended accordingly in the future. Thedix
size time intervals reflect, in our model, peri@aidata auditing. By the end of each time intervad,
decide whether or not to audit and correct cedaia values. Within a given time interval, the dathue

in attribute [m] may transition from state [i] teage [j] (or remain at state [i]) with a probabjliof P ;,
such thaf-; 5 P"; =1 for each [i]. The transition probabilities fattribute [m] can be represented in a
form of a matrix PP, and the model assumes that this matrix is idehfar all the records in the dataset,
and doesn’t change over time.

P™ o o P™y
P = PPy :
D: R
PM1 o o Py

The matrices {P}n=1.m may help assessing attribute volatility. An atitédo[m] is said to be stable if all
diagonal-cell values {P;};-1 v are nearly 1, while others are nearly 0. At therere case, the attribute
is said to be stagnant — once its value is setaits permanent and its accuracy will not degrage o
time. An attribute [m] is considered volatile whesme diagonal-cell values B} -1 m are much smaller
than 1, while non-diagonal cells are substantigibater than 0.

The MC model assumes that the transition matfiissFknown, or can be reasonably estimated from data
samples. As Pis assumed not to change over tim&t)P the t-steps transition matrix of attribute [m]
(i.e., the set of probabilities that a certain eailu attribute [m] will change from state [i] taage [j] after

t periods) is the t-power of the transition matiX{(t)=(P")". Further, the MC model assumes “memory-
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less” transitions — meaning that the probabilityhafing a certain value"X\., in attribute [m] of record
[n] at the end of period t+1, depends only on thedition matrix P, and on the value (X}) at the end
of period t, and not on earlier values:

Ijn{xnmtﬂ :j | X :it,---X”md“ :io} = Pmii (Xnmt+l = J | X" :it) 2
With no updates, X" is accurate at time t if the real-world value ma$ changed, or if changed and
transitioned back to the original value. We defi{€"(t) as the expected accuracy of data item [n,m] at

time t, given a current value of j. It equals te tikelihood that a real-world value of j at then& of
acquisition (t=0), is still j at time t:

A (t)= P (t) 3)
Be averaging, we can assess the expected accenalyof a record, an attribute, or the entire dztas
(AR™(t), A%™(t) and A(t), respectively), given the set of knodata values at time t:

N

AT =2y A (1) AR =S AT, Al = DA @

M m=1 N n=1 NM m=1 n=1

It can be shown that the expected accuracy is aautmetween 0 and 1, where the averaging method
adheres to the DQ metrics guidelines in (Even dmahBaranarayanan, 2007). With different relative
importance of records and attributes, these dafitét can be extended to use a weighted-average
formulation proposed in that work. With a MC moditlcan be shown that for a data-value of j in
attribute [m] at a certain time, the expected tforeransitioning out to a different value, is:

T" =

L 1-P (5)
Given that average-time estimation, one could spoly for next-time audit, given a certain curren
value. It can be shown that the time for transitigrout of state j, can be estimated with an exptaty
distribution, where\™™ is the rate of data item [n, m], currently at stgtto leave that state ands an
auxiliary parameter.

Fj (t):l—exdl— al n‘mjt} ©

Until time t, if the real-world value had not trammned, the associated data item is accurate.efbes,
using the approximation, the expected dataset acgwan be expressed as:

m=1 n=1 : (7)

Using the exponential approximation for evaluatiersubstantially less time consuming than using the
entire model, as it doesn't require matrix multplion; hence such an approximation has importance
cases where the dataset has a large number oflsecorwhere the prediction involves a large nundber
time periods.
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The proposed model can support a few important @agement tasks:

a) Estimating accuracy levelmeasuring the accuracy of a large dataset is cigatlg and expen-
sive, as it requires a baseline for comparison,(thg real-world values, or another dataset tleest vali-
dated for correctness). The suggested model peawitsracy estimation of a dataset, or subsetswithi
given the current values and the time since thest Update - without requiring assessment against a
baseline.

b) Predicting future accuracy degradationwhen new items are recorded, the model can help pr
dicting their accuracy behavior over time. Knowihg recorded value j, the model can help prediet th
accuracy level at time t. It can also predict theetuntil the accuracy will decline below a certdesired
threshold value — and recommend auditing at thae.ti

C) Prioritizing data maintenance effortsthe model may help assessing the accuracy behaiior
data subsets (records and/or attributes), anchgedtiditing and maintenance priorities accordingly.
discussed earlier, the set of transition matricas leelp differentiating between stable versus iuelat
attributes. Further, given the current data valuesords with a higher likelihood of inaccuracy dam
detected and audited.

A key challenge with the proposed framework ismeating the transition matrices TP Such estimation
requires a large-enough sample of data records;hwinicludes the history of data-value transitions.
However, given such a sample — the matrix compoR&nwill be estimated by the number of times that
attribute [m] transitioned from value [i] to valyg, divided by the total number of attribute [m]
transitions from of value [i] (including “transitig” from [i] back to [i]). The next section demorades a
case in which the availability of such a data sampérmitted estimation of transition matrices and
reasonable prediction of accuracy behavior ovee.tim

M ODEL EVALUATION

The evaluation described in this section used asagafpublished by the Central Bureau of StatisTibs.
dataset contains 25 economic-performance indicainrd 24 industrial sectors, which were collected
annually over a 14-year period (a total of 322%rds). Data as such may have major importance, in a
variety of decision-making scenarios. For examgieernment agencies may use it to guide allocatfon
financial aid to certain industries, promoting e@rtindustries oversees, or setting differentiataxgtion
policies. Such data can also be used by the pris@téor - e.g., for guiding investment decisions, o
setting loan and interest-rate policies. In accocgawith our modeling assumptions — the data items
were updated in fixed time intervals and, as thé durce is considered highly reliable, it was
reasonable to assume that the numbers providedcategate. However, as the status and the financial
performance of certain industries may change awes + if decision makers do not have the most up-to
date data available, and use older data insteaul,d@cisions are likely to be biased.
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Industry 1 Industry 2
Sales | Revenue| Export Sales Revenue| Export
ear | Rank | Rank Rank Rank Rank Rank

O O(NOOUIA|WIN PO

Ab(Dlw|wlwlwlwlw|Nk Rk
wlw|w|w|N(N NN N R R Rk
N[RN[R RN NN N[N RN N[N [N
oo h|o|o|o|~|o || co|m| ||
NN (NN w|w A BN oo|o|o
N[RN[R N NN w w|w

Table 2. Annual Rankings of Two Sample Industries

For the purpose of this study, we evaluated thesefikancial attributes, among the 25 availableale$
(m=1), Revenue (m=2), and Export (m=3). These dtarstics have continuous value domain, and had
to be “discretized”. This was done by classifyirarle industry/year record 10 equally-size deciles (1
being the highest), based on the value range di esticator (e.g., the “Pharmaceutical” industry is
ranked in the % decile in terms of Sales"4n Revenue, and®1in Export), this division relies on the
assumption of uniform value distribution. Over timeme industries improved their ranking, while
others declined; hence, data records that wereighgldl a few years back do not reflect the accurate
ranking. The data behavior over time is demondirhtethe two industry examples in Table 2. The sank
of industry 1 appear to be more stable than th&sraffi industry 2 - but while industry 1 demonstsate
degradation, in terms of relative positioning, istty 2 demonstrates some increase. The examples als
highlights a difference in the behavior of the elifint indicators — The Sales rank appears to be mor
volatile than the two others, the Revenue rank IHtdess volatile, and the Export rank seems to be
relatively stable (for Industry 1, it is identidal the entire 14-year period).

While the examples above show a difference in thbil#ty of the three attributes — their correlaiso
(Table 3), based on the raw numbers, are hightipesand significant. The correlations between the
ranks (after “binning” the raw numbers) are lowaut still relatively high, positive and significafthe
numbers shown are for the last year, however, t&dl other years show similar highly-positive
correlations, with similar levels significance).

Raw Numbers Ranks
Metric Revenue | Export Revenue: | Export
Sale: 0.992" 0.95¢ 0.897" 0.39¢"
Revenues - 0.98%” - 0.69%"

_ Table 3. Pearson Correlations
(" - significance level of 0.01 or less)

The high correlation between the attributes mayamphe similarity in the transition matrices esited
for the three. This similarity is further highligitt in Table 4, which assesses the expected tima for
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certain value to transition to another (in thisecashe expected time it would take for a certatuistry
to change its relative ranking in terms of SalesydRues, or Export).

Sale: Revenue Export
Trans. | Rec. Trans. | Rec. Trans. | Rec.
Rank Time | Audit Time | Audit Time | Audit
() PLi(1) | (TY) | Periods P%(1) | (T%) | Periods P3,(1) | (T%) | Periods
1 0.62¢ | 2.657 |3 0.632 | 2.717 |3 0.60: | 2522z |3
2 0.35(C | 1.53¢ |2 0.35¢ | 155 |2 0.351 | 1541 |2
3 0.33¢ | 1.51C |2 0.33t | 150 |2 0.342 | 151¢ |2
4 0.24C | 1.31f |1 0.23¢ | 1.31f |1 0.241 |1.31¢ |1
5 0.307 | 1.44: |1 0.30¢ | 1.44: |1 0.301 |1.431 |1
6 0.23C | 1.29¢ |1 0.23¢ |1.30: |1 0.227 | 1292 |1
7 0.18% | 1.22¢ |1 0.18¢ | 1.232 |1 0.18¢ | 1.22¢ |1
8 0.231 |1.301 |1 0.237 | 1311 |1 0.22¢ |1.291 |1
9 0.261 | 1352 |1 0.27C |1.37C |1 0.25¢ | 1.34¢ |1
10 0.48¢ | 1952 |2 0.48¢ | 193¢ |2 0.47¢ |191C |2

Table 4. Assessment of Time to Transition, and Remmended Audit Periods

The expected time (T— in Equation 5) for each possible state (10 raimksur case), is calculated based
on the probability to stay at the same state (tamrfdiagonal” in the transition matrixX"P. The results
show that for all three financial indicators - ttlamking stability is higher at the “edges”. Wheneatain
industry is ranked “high” (decile 1) or “low” (ddei10) — it is likely to stay at that decile folanger
time, compared to industries that are ranked in rthé-range ranks. Based on the assessments of
expected transition time — audit recommendations wade. After how many periods would it be
recommended to audit and evaluate the data? Itrémsition time is relatively short — the data item
should be audited within a relative short periograthe last update. If the transition time is etpd to

be higher — it would be reasonable to postponautiuiting for that data item.

The extent of accuracy degradation over a timeogesf Z years can be therefore assessed by congparin
the rankings in year Y records versus the rankioiggear Y+Z records. We consider a record to be
inaccurate if at least one of the three rankings ¢cfeanges over that period. Our analysis refleets t
manifestations of the time variabke) Learning: the number of periods between the first updatethad
last update, and)) Prediction: the number of periods between the year of lasatgdnd the year of
accuracy assessment. To estimate the transitioricesmtwe randomly chose 80% of the records as a
training set, and used the rest 20% as a tesi\&etepeated this process 10 times with differentioan
permutations and averaged the results. To assef&smance, we used the Kullback-Leibler Distance
(KLD) metric (Do, 2003). Here, we use it to meastire distance between the predicted accuracy level
APR(t) versus the actual’A(t) , where the lower is the KLD, the better is firediction:

AC AC
KLD(t) = A*°(t) Eﬂog':ng +[1- A% (1)) dog 1_APAR(t)(t) @)
Where,
- KLD(t): The Kullback-Leibler Distance at time t
- A"C(1): The true dataset accuracy at time t, whaseupdate is at t=0

106



ICIQ 2012, the 17th International Conference oroinfation Quality

- APR(1): The predicted dataset accuracy (the modeitput) at time t

Following these analysis principles, we used thaskt to assess the potential contribution of tbdeh

for the data quality management tasks discussdigredro estimate current accuracy levels, the Mean
KLD (MKLD) of the ten predictions was calculatedrses learning (Figure 2a) and prediction (Figure
2b) times. The MKLD values are relatively smalls@ethan 0.027), reflecting strong performance. As
expected, both learning and prediction performashegraded with a larger number of periods, and the
prediction performed better with short-term timeipés. Further, in this particular case - transitio
matrices {P} were assumed to permanent over time; howeveris-lieasonable to assume that over a
long period of time, the transition behavior wilange; hence, learning over a too-long period might
hinder prediction capabilities.

0.03 0.03
0.025 //\\J‘ * 0.025 _—*
0.02 / 0.02 +
[a] [a]
| 0 =)
g 0.015 < 0.015
s 4 s
0.01 0.01 g
0.005 0.005 -
0 . . - - T : 0 ; - | T . T |
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Learning periods Prediction periods
Learning Prediction

Figure 2. Mean KLD (MKLD) over Time - (a) Learning vs. (b) Predictior

To assess the prediction of future accuracy degiragawve asked: given a certain threshold, can we
predict the number of periods that it will take tiezuracy of a perfectly-correct dataset to dedbelew

that threshold? We assessed the predicted nunelpens/the actual for thresholds ranging between 0.4
and 1. The results (Figure 3) show that in the nitgjof cases the prediction was either identicathte
actual or lower.

ap=a EP=A Op<a ‘

1
09
08
07
06
05
04
03
02
01

0

04 05 0,6 07 08 0,9 1

Figure 3. Prediction (P) versus Actual (A)- Behavior for Different Thresholds
The gap distribution (Figure 4) shows that in 5684he cases, overall, the prediction was precise, i
37% it was lower than the actual, and only in 7&pghediction was higher than that actual. Thesaltes

have important data quality management implicati@ssthe model is shown to be stringent — in the
majority of cases (93%) we would have audited dtatas on time or earlier.
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Figure 4. Prediction vs. Actual — Gap Distribution

Finally, we examined the reliability of the expotiahapproximation (Equation 7), for prediction of
accuracy degradation. For each record, we calallite average parameters that minimize the error
between the model prediction and the exponentiaiagmation for different prediction periods betwee

1 and 12. As can be seen (Figure 4), the exponeapgjaroximation of accuracy level is only slightly
below the actual model’s prediction.

To summarize, in the evaluation above we showedttential contribution of the MC model that we
introduced in this study to a few important DQ ngaraent tasks:

Estimating accuracy levelthe model permitted estimation of accuracy leveith va relatively high
precision. As expected, the precision is highehwitarger number of learning periods (a largeifiing
set”), and with a shorter time-gap from the timelafa acquisition.

Predicting future accuracy degradatiorthe model predicted with a relatively high preafsthe time it
will take for the accuracy level to go below a aértthreshold level. The prediction was shown to be
stringent — meaning that the predicted time wdseeitdentical of lower than the actual. Only in ~%%o
the cases, the prediction would have recommendethte data auditing.

Prioritizing data maintenance effortsthe metrics that can be developed from the MC thode help
setting and prioritizing data management effortor Example, using the set of “Time to transition”
metrics (T — in Equation 5), we can set in advance a recordegttime for auditing a record and/or,
based on the data-value that was recorded — instesldting a “one size fits all” policy to all re@s and
attributes.
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Figure 4. Exponential model and the Marko' model predictions

CONCLUSIONS

Accuracy defects are difficult and expensive todiar- hence, the importance of developing analytica
tools and methodologies for understanding the m@shes behind accuracy degradation and predicting
future accuracy defects accordingly. This studytidontes to that end by developing of a Markov-@hai
model for simulating and predicting accuracy-degtash behavior over time. As demonstrated in our
evaluation with real-world data, the model has pwential to aid a few important data quality
management tasks — estimating future accuracydepetdicting accuracy degradation, and priorigzin
accuracy maintenance efforts accordingly. Obvigubly results presented here are only prelimirag,
some additional evaluation is required in otheradaianagement contexts and with other real-world
datasets. Notably, Markov-Chain models have ratmgn applied in the context of data quality
management, and we see it as a contribution @wts. This direction can be explored further, and we
see it as promising avenue for developing methaietoand tools for aiding data quality management
efforts.

Some of the modeling assumptions made may hold tnly limited extent in real-world cases and
required further enhancement and evaluation. Dadlitsaand corrections are not always done at fixed-
length time intervals; what required a differentdaling of the time variable. Data attributes (esglary,
length, and duration) are often continuous, angbime real-world scenarios, “discretization” inteed of
bins, as done in this study, is not a valid solutiBurther, the transition matrix"For a certain attribute
may not be identical for all records (e.g., wheddpends on the value of other attributes), maypgha
over time, and may not adhere to the “memory-lesssitions” assumption. A plethora of studies have
extended the Markov-Chain model to address sucitaliions, and the solutions offered can be adopted
for extending the framework developed here.

REFERENCES

[1] Askira-Gelman, |. Setting Priorities for Data Acaay Improvements in Satisficing Decision-
Making Scenarios: A Guiding Theopgcision Support Systen#8(4), 2010, pp. 507-520

[2] Askira-Gelman, I. GIGO or not GIGO: The AccuracyMilti-Criteria Satisficing DecisionsThe
ACM Journal of Data and Information Qualjt$(2), Article 9, 2011, pp. 1-27

[3] Baldi, P., S. Brunak, Y. Chauvin, C. A. F. Andersand H. Nielsen. Assessing the Accuracy of
Prediction Algorithms for Classification: An Oveewi, Bioinformatics,16(5), 2000, pp. 412-424

109



[4]
[5]
[6]
[7]

[8]
[9]

[10]
[11]
[12]
[13]
[14]

[15]
[16]

[17]

[18]
[19]

ICIQ 2012, the 17th International Conference oroinfation Quality

Ballou, D. P., and Pazer, H. L. Designing InforroatiSystems to Optimize the Accuracy-
Timeliness Tradeofinformation Systems Reseayél), 1995, pp. 51-72

Ballou, D. P., R. Y. Wang, H. Pazer and G. K. Tdgdeling Information Manufacturing Systems
to Determine Information Product Qualitjanagement Sciencé4(4) 1998, pp. 462-484.

Do, M. N. Fast Approximation of Kullback-Leibler &ance for Dependence Trees and Hidden
Markov Models |EEE Signal Processing Letters0(4), 2003, pp. 115-118

El-Haddad, R., Lecot, C., L’'Ecuyer, P., and NadNif,Quasi-Monte Carlo Methods for Markov-
Chains with Continuous Multi-Dimensional State Spadathematics and Computers in Simula-
tion, 81(3), 2010., pp. 560-587

Even, A., and Shankaranarayanan, G. Utility-Drivessessment of Data Qualitfhe DATA BASE
for Advances in Information Systent8(2), 2007, pp. 76-93

Even, A., Shankaranarayanan, G., and Berger, PvBlu&ting a Model for Cost-Effective Data
Quality Management in a Real-World CRM Settilggcision Support Systen&s(1), 2010, pp.
152-163

Fisher, C.W., and Matheus, C. C. An Accuracy MetHercentages, Randomness and Probabili-
ties, The ACM Journal of Data and Information Qualiff3), Article 16, 2009, pp. 1-28
Heifergott, B., Hordijk, A., and Leder, N., Seriegpansions for Continuous-Time Markov Pro-
cessesDperations Researc¢h8(3), 2010, pp., 756-767

Heinrich, B., Kaiser, M. and Klier, M. A Procedufe Develop Metrics For Currency And Its Ap-
plication In CRM,The ACM Journal of Data and Information Qualify(1), 2009 pp. 5-28
Heinrich, B., and Klier, M. Assessing Data CurrercyA Probabilistic Approachjournal of In-
formation Sciences87(1), 2011 pp. 86-100

Jiang, Z., Sarkar, S., De, P., and Dey, D. A Fraamkvior Reconciling Attribute Values from Mul-
tiple Data Sourcedanagement Scien&3(10), 2007, pp., 1946-1963.

Olson, J. EData Quality: The Accuracy DimensiokMlorgan Kaufmann Pub., 2003

Pfeifer, P. E., and Carraway, R.L., Modeling CustoiRelationships as Markov Chaidsurnal of
Interactive Marketing14(2), 2000, pp. 43-55

Pipino, L.L., Lee, Y.W., and Wang, R.Y. Data QualAssessmentComm. of the ACM45(4),
2002, pp. 211-218.

Ross, S. MStochastic Processgd/iley, 1996

Sessions, V., and Valtorta, M. Towards a Method Data Accuracy Assessment Utilizing a
Bayesian Network Learning Algorithrdpurnal of Data and Information Qualityt(3), Article 14,
2009, pp. 1-34

110



ICIQ 2012, the 17th International Conference oroinfation Quality

DETERMINANTS OF ACCURACY IN THE CONTEXT OF

CLINICAL STUuDY DATA
(Research-in-Progress, 1Q Concepts, Metrics, Measand Models)

Meredith Nahm
Duke University, Center for Health Informatics, bam, NC
meredith.nahm@duke.edu

Joseph Bonner
Michigan State University, Biomedical Research infatics Core, East Lansing, Mi
Joseph.Bonner@hc.msu.edu

Philip L. Reed
Michigan State University, Clinical & Translationatiences Institute, East Lansing, Ml
phil.reed@hc.msu.edu

Kit Howard
Kestrel Consultants, Ann Arbor, Ml
kit@kestrelconsultants.com

Abstract: The link between data quality and research igtii@ble; after all, scientific conclusions aresbd on

data. However, key determinants of information ty#éh research have not been articulated. Likewtisere are no
formal constructs relating aspects of researchgdesi data quality. In the absence of such thephe®stigators
and research teams formulate independent mentatlmadd rely on personal experience to design aataction

and processing operations for their studies.

We applied an iterative consensus process among erperts each with experience over the spectrum of
prospective and retrospective research in bothsimdand government funded settings to identify #eterminants

of the accuracy of research data. From this work, pesit that the relative timing of three key dadkated
milestones 1) occurrence of the event of intef@stata collection about the event, and 3) datanitey, impact
information quality and research results, and floeeeshould be included in a broad spectrum ofaededesign
decisions that impact results. We offer a linkwmn aspects of data collection and processingdatal quality
and apply the resulting framework to a case stadiustrate its use.

Key words: Information quality, information quality assurandata accuracy, clinical research, theory

INTRODUCTION

Methodology for collecting and managing clinicaldy data evolved through separate communities of
practice such as industry clinical trials intendied marketing authorization, observational clinical
registries of many varieties, academically orientgovernment-funded clinical trials, and secondary
analysis studies.[1, 2] Each developed communiggiic methods that do not directly translate toeot
areas of practice.[2] Historically, when there wass variety in the data collected, each community
optimized practices for the type of data collecied managed.
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Ten years ago at the first author’s institutiony given multicenter clinical trial had two or threlata
sources, usually including data collected on datiection forms, data from central laboratories] aata
from external reading centers. Today, however nim@ber of data sources for any one study[3] as well
as the overall complexity of clinical trials[4] iiscreasing. Today, the data sources on a trialileely to
include data captured directly from patients, (epatient reported outcomes) as well as data delfiec
directly from devices, retrospective data from Headre settings, and a host of other sources. hé&urt
today many trials are using warehoused clinicaé @ata and real-time lab and other messages in the
healthcare setting to screen and identify patiefiggble for clinical trials, and many registriesceive
part or all of their data directly from patients foom healthcare information systems. Studies als®
data collected via different methods (e.g., weledadata entry with on-screen checks, single entered
data without on-screen checks, paper forms, etc.)

Cost pressure on development of new therapeutjc§]5government requirements for results
reporting[7] and data sharing[8] and federal inoes for meaningful use of healthcare data[9] dre a
increasing reuse of both healthcare and reseatelfatasecondary analyses. Evidence is pointingtdw
the need to integrate clinical research into tha&lthecare process.[10] Similar to increased irgene
information quality following large scale data waoeising in other industries,[11] attention in the
healthcare sector is turning towards secondaryofi$ealthcare data. Two recent Institute of Medicin
(IOM) meetings, Digital Data Priorities for Contious Learning in Health and Health Care[12] and
Sharing Clinical Research Data: A Workshop,[13]rsHa focus on information quality.

The increase in secondary use of health care dafaled with the increasing number of data souroes f
any given study necessitates development and gestirelevant theory to guide selection of capalaiea
sources, collection and management processes ésutige of data sets adequate to support intended
analyses.[14] Such theory should be based on wmdgrtharacteristics of data and information rather
than particulars of any one use context, and shewfgain interactions of events and other factors
impacting data quality in a manner that guides firacSuch theories, once tested and evaluateddshou
be universally applicable to extant and plannedx daid should inform selection of data sources or
selection of methods for data collection and clegrsuch that the resulting quality will support the
intended use of the data.

BACKGROUND

Research studies are often categorized as progpextretrospective. Prospective is essentiallilup
forward from an event of interest. Retrospectivdogking backwards in time from some event of
interest. For example, a prospective study is omergvthe unit of study, e.g., a patient, has aitiondor
receives a treatment and is followed forward owmetfrom cause to effect and then compared with
another group of people who are not affected byctredition or did not receive the treatment.[15gTh
parallel and less common terms prolective and lesttive refer to the timing of data recording.
Prolective refers to data recorded after initiatdrithe study. Retrolective refers to data recdridefore
initiation of the study. Here study initiation isually taken to mean sample selection; the impéct o
timing of data recording relative to sample setattan be a source of bias,[16] e.g., selectisgnaple
after data are collected leaves the potential fuswkedge of the data to bias the sample selection.
Because of their emphasis on data recording mfsrtunate that the terms prolective and retrolectre
not in broader use.

Categorization of research as retrospective, puatiyge prolective or retrolective reflect the impaorce

of the relative timing of study events, includingperimental control, to the strength of conclusitimest
can be drawn. However, these concepts focus onthewiming impacts control and representativeness
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of the sample rather than data accuracy. Our werk Bignificantly expands the concept of timing of
data recording and goes further to apply it disedlimpact on data accuracy.

In practice, categorization of the research debis come to be associated with corresponding éatuit
impression of data accuracy. For example, datayaedlfor retrospective, observational clinical #gd
are in general presumed “dirtier” than data analye prospective controlled studies. Finer digiions
have not been formalized and the determinants taf @ecuracy or even “data cleanliness” in a researc
context are not clearly articulated. Such deteamis could be of utility in prospectively assesdiaga
sources, and can also serve as a framework to guatditioners in the common task of designing or
matching appropriate data collection and managemeittods to a given research scenario.

Data quality has associated costs including botto$) to achieve a desired level of quality, anddt
incurred for failing to achieve a necessary levehoality. Cost of Quality[17] ideas originated and
flourished in manufacturing through the work ofdlgbt leaders such as W. Edwards Deming and Joseph
M. Juran, and have since been applied to othesaeeg, accounting[18] and software developmedit,[1
where it has been shown that correction costs aserexponentially the further downstream an egor i
detected and corrected.[20, 21] Walker providesegample of these costs with address data in the
context of a company that ships products using wmes supplied mailing addresses.[21] Briefly, the 1
10-100 rule conveys that there is an order of ntageiincrease in cost as one goes from the cost to
prevent an error, to the cost of finding & fixinigat same data error after occurrence, to the doat o
failure due to the error. Upstream prevention aadyedetection is a cornerstone of the Internationa
Organization for Standardization (ISO) 9000 sedéstandards. 1SO standards establish interndtiona
standards for quality management and quality asserapplicable to most industries. The provertn “A
ounce of prevention is worth a pound of cure” i¢ fareign to medical research. In fact, from
organizational data, we know that an “on-screembrecheck costs a few dollars to implement and
address at the research site during data entry,castd an estimated $35 if the data discrepancy is
identified after data have been submitted to the danter,[22] and further, costs much more if ¢dug
during analysis or after submission for regulat@yiew. The 1999 Institute of Medicine Assuringt®a
Quality and Validity in Clinical Trials for Regulaty Decision Making workshop report articulates
industry fears that one questionable data valueceah doubt on an entire regulatory submission.[23]
However, in the context of significant cost pressan therapeutic development and in light of more
recent risk-based approaches for regulated climizds$,[24] the likelihood of a serious data eramd the
potential impact should be weighed against the aiogteventing or fixing such data errors.

It is for the purpose of identifying and quantifgircandidate data error prevention and mitigation
processes that we pursue the framework presented Hige framework usaglative timingof key data
milestones, e.g., occurrence of an event of intecedlection of data about the event, and dataritey
activities as major determinants of accuracy ofrdsellting data.

METHODS

The authors all have extensive experience in rebedata management or informatics, and the
experience covers the full spectrum intended inNthé definition of Clinical Research.[25] As do man
people, each of the authors uses a working merddehio recommend data collection and management
strategies to research projects, and in the casautiiple available sources of data, to make judgime
about which data sources should be used. The prigras$ approach of this work is to probe the working
mental models of experts and to make explicit tiiteria that these experts use in decision makbapt
design and operationalization of research datactiin and management. To do this, the first autho
drafted a skeleton diagram and explanatory textitamdtively circulated it among the remainder lod t
authors for input and further discussion. The tésgllconsensus framework is presented here to gromp
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broader discussion and evaluation.

We refer the reader to the diaphoric definitiondata (DDD) and general definition of information
(GDI)[26] to explore the philosophical underpinrsngf definitions of data and information.
Unfortunately, in practice the terms data and imfation are often used interchangeably, with thenter
“data” used when the speaker refers to a valubg) have associated meaning. Data and information
quality are multidimensional concepts.[27] Our wanesented here focuses keenly on the accuracy
dimension. Accuracy is in most cases an intriméioension in that it is independent of any external
context or use. Reflecting the DDD and GDI in thisrk would prompt consistent use of the word
information, i.e., data plus meaning, throughowt wWork, and while we have not done this in defegenc
to common use of the terms, we wish to make expliai acceptance of DDD and GDI.

Due to the theoretical nature of this work, we aognpelled to make explicit our conceptual and
operational definitions of data accuracy. We conealfy define data accuracy as the property exddbit

by a datum (a value) when it reflects the trueestit the world at the stated, or implied, point of
assessment. It follows that an inaccurate, or edatum, therefore does not reflect the true stathe
world at the stated or implied point of assessmata errors are instances of inaccuracy. Datasame
detected as discrepancies upon some comparisom.carhparison might be between the data value and
a “source of truth”, a known standard, a set ofdvablues, a redundant measurement, independently
collected data for same concept, an upstream dataes some validated indicator of possible errors,
aggregate statistics. We use the term ‘error’ ekpfiin the context of any deviation from accuraay
matter what the cause. For example, a problemagramming that renders an originally accurate value
incorrect, e.g., a programming problem in a dasadformation, is considered to have caused a data
error. Because data are subject to multiple praicgsdeps, some count the number of errors (conside
data value that has sustained two problems thdt waald have individually caused an error). From an
outcomes perspective, it is the number of fieldefiror that matters rather than the number of syror
thus, we count the number of data values in error.

Operationally, an instance of inaccuracy or datarelis any discrepancy identified through such a
comparison that cannot be explained by documemt§®® The caveat, “not explained by
documentation” is operationally necessary in pcachecause efforts to identify data discrepancies,
potential errors, are undertaken on data at diffestages of processing. Such processing sometimes
includes transformations on the data that may mefully change the value. In these cases, a data
consumer should expect the changes to be documantkettraceable through the data processing steps,
i.e., supported by some documentation. The prooesdentifying and resolving data discrepancies is
often referred to as data cleaning.

There are of course many factors that may impatzt decuracy. The goal of our work is to develop a
framework that can be applied at the research desgpe to assess the suitability of existing dat@
select capable processes for prospective datactiolie Thus, we choose following as the backborg: an
foundation of our framework:

1. factors that we judge most impactful on data acoura
2. factors that occur in the collection of most reshatata
3. factors that can be controlled during study de<ia,
4. factors that are easily discerned from extant data.

FRAMEWORK
We present three crucial data-related milestongshel event under study, 2) data collection abbat t
event, and 3) data cleaning. We posit that thetivel timing of these milestones is a key determiird
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achievable data accuracy. We further posit thairtipact of the relative timing of these key datkated
milestones can be affected by existence, complese@d use of a recording of the event. (Figure 1)

The relative timing of the data collection abowg #vent and data cleaning with respect to the oecae

of the event itself impacts the achievable dataiieay. Where data are recorded closer in timén¢o t
event, they are likely more accurate. If we coesidelay in data collection to mean that data aiteqd
down on some temporary medium such as a scrappef [md a glove or worse held in memory until they
can be recorded, then it is intuitive that delaydata collection (recording for the purposes of the
research) increases likelihood of inaccuracy. Kkarmgle, end of assessment and end of shift chaaitieg
historically commonplace in healthcare. Similariyhere data are cleaned closer in time to the
occurrence of the event and their collection, tldadare likely to be more accurate. Consider for
example, on-screen checks that notify a regismatierk of a missing or inconsistent zip code dgrin
patient registration as opposed to identifying attdmpting to resolve the discrepancy after a paie
admitted or worse, after the patient has left #wlity. This impact of the temporal distance orgwacy
can be mitigated where an event-contemporaneousrdiag exists and is used to clean data
discrepancies.

Information Information
loss and loss and
degradation degradation
Event of Data 3 Data
interest collection cleaning
Original
€—— recording jf——=3
of data
(source)
Time

>

Figure 1: Key Data-related Milestones Impacting Data Accuracy.

The source

Figure 1 displays the original recording of theadah a separate line specifically to denote that th
existence of a source may be, and often is, sep&ah the collection of data for a particular s
need. The International Conference on Harmonizafl@) E6 guideline definition 1.52 defines a
source as the original recording of the data otifead copy thereof.[29] In the case of electronic
recording of data, e.g., a blood pressure monika,original recording or source may itself be uaed
the data collection, i.e., an electronic certiftedvirtue of validation, copy of the source. Tlgsnot
always the case. The mitigating impact of a contaapeous and complete source is important in our
framework.

Data collection about an event can occur in difiesgays. For example, a patient encounter can bmau

or video recorded, in which case the audio or vidamrding would be considered the source. Conside
a surgical procedure. We may be interested irptbeedure type, the date and time, and the pressnce
any complications. If a camera in the operatingnroproduces a recording of the event, then a
contemporaneous record of the event exists. Cdenm#ss of such a recording with respect to certain
parameters of interest may be achieved with anratesystem date and time stamp. However, such a
recording would not be complete with respect to plications not discernable on the recording, osého
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complications occurring after the patient leaves tbcording area. Likewise, in the case of pregpanc
and birth related events, a birth record (certi¢anay exist however, this record most likely vt
reflect with fidelity the circumstances or exposure

A complete and contemporaneously recorded souresndoexist in many cases, e.g., an event may be
held in memory — to be documented later at the afrithe shift, and the source may or may not be a
complete representation of the event or may benetbe be fallible. Consider for example diet récal
used for epidemiology studies. It is simply impbksto remember accurately the frequency of items
consumed. Additionally, because details of theneuself are not preserved, in many clinical s
the source (the original recording), contemporasemunot, is used as the place from which data tabou
the event are collected, e.g., abstracted fromdicakrecord.

Availability, fidelity, contemporaneity and compégiess of an original recording of an event impHuts
ability to detect and ultimately resolve discregasac A contemporaneously recorded source, in the
absence of fidelity problems and subject to themetaness of the representation, captures as glasel
possible the details of an event for later refeeen@/ith such a source, data discrepancies detedied

the fact can be resolved. Figure 1 depicts thatuace may be contemporaneous or not with respect to
the event of interest. Closing the time gap betweroccurrence of the event and the recordingicii s

a source decreases information loss and degraddtiento the passage of time in the source, e.g.,
memory loss.

There are two ways that information accuracy campacted by the source 1) the source can be used
through comparison to identify discrepancies, apevZere other standards for comparison are used to
identify discrepancies, the source can be usedsorepancy resolution to confirm a discrepant value

to provide the accurate value. Often the souremisn a format amenable to comparison for disanepa
identification and is used in the manner of theelat

Completeness of representation of the source imp&ctise in discrepancy identification and resoiut

For example, for a researcher studying associdiween physical proximity of providers and pasent
during encounters on patient satisfaction, an atettording would be an inadequate representatiuh, a
a video may only give approximate proximity. Howeun the case of symptoms stated by the patent,
good audio recording of the complete encounter eitngl a complete representation, and could be used
to identify or resolve discrepancies in chartecaddhcidentally, asking the patient to review tharted
symptoms during the encounter would also be a blgsgiay to contemporaneously identify and resolve
data discrepancies. From the example, we see kisteece, completeness of representation, and
fidelity of the source determines the available hods for preventing, controlling, or correcting alat
errors. Thus, the existence, contemporaneity fiedind completeness of a source are important
determinants in data accuracy.

Three data-related milestones

In addition to an original recording of data abaut event, the three data-related milestones: 1)
occurrence of event of interest, 2) data collecatout the event, and 3) data cleaning (Figurerd) a
present in virtually all research and impact datgueacy. In any given research scenario, the
arrangement in time of these events may take on ahseveral possible configurations. Most
permutations of the three events are non-senscgl, data collection prior to the occurrence @& th
event, or identification and resolution of discregias prior to data collection. The four arrangetsen
occurring in reality (Figure 2) comprise distindagses of approaches to data collection and clganin
These classes are differentiated by the relatimeng of data collection and data cleaning with ez$fo

the event of interest and to each other. Usuallyentlan one of the four classes is possible forgvsn
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research scenario, and often, considering theserelitt classes of approaches results in very diffier
options for data collection and processing. Wetgbsit these classes, differentiated based orethévwe
timing of key data-related milestones, determireetilpe of data discrepancies that can be detectgd a
corrected. Therefore, research design decisiondapaut key data-related milestones will determime
part the study’s achievable data accuracy.

In the ideal case data collection and cleaningcargemporaneous with the event under study, he., t
source is the data collection. In this ideal casdnipit A in Figure 2), all three data milestonexuar
together in time, giving data discrepancies the imar likelihood of being identified and resolved
while “in” the event. Consider the example of a ilgrmhoto; when pictures are viewed immediatelyaon
digital camera, they can be retaken when someaye's are closed. Waiting some duration of timer afte
the event to view the picture may remove the pdggiof a retake. Also like the family photo exatap

it is sometimes possible to operationalize neateroporaneous observation, recording, and clearfing o
research data. Here, we make explicit that evetimaénideal case, some loss or errors occur and data
cleaning may be needed. Consider the more cligicalented example of a computer assisted telephone
interview (CATI) to obtain a detailed medical histef both the interviewee, e.g., a mother, and her
child. In this case the ability to have real tidiscrepancy checks would prompt the intervieweashk

for clarifications of inconsistencies and providges to insure that all needed responses are obitaine
from the mother. It may be impossible or prohitty expensive to re-contact the interviewee.
Therefore the capability to provide the interviewereminder to reconcile discrepancies during dhat
end of the interview is a clear strength. The tridgal case, of course, is lossless and completely
simultaneous occurrence of the event with datacttn and cleaning.

Other temporal arrangements of data collection @edning are also common and include: B) data
cleaning after contemporaneous event and datactiolle C) data collection and cleaning occurring
together but after the event of interest has haggheand, D) data collection occurring later in tithan

the event of interest, followed still later in tinby data cleaning. These arrangements are depicted
Figure 2. Recall that the existence of a sourberothan the collected data may be present in &ny o
these arrangements. Existence of such a sourdesfurhpacts availability and applicability of opt®

for data cleaning. For example, if interviews aeearded, fidelity of the data written on the data
collection forms can be measured. If additionaluaacy is needed, a redundant and independent data
collection process may be pursued. Alternativelfpere the interviews were not recorded, neither
measurement nor review are possible.

From first principles, the relative timing of dakated milestones impact the data collection and
cleaning methods that can be employed in the faligwvays:

1. In the absence of an independent recording of tleateof interest, collected data cannot be
compared with a “source of truth” as we might wamto to identify data discrepancies. In most cases
this means that the data cannot be verified, notlay be changed with confidence.

2. Data cleaned after collection, and in the absericendndependent recording of the event of
interest, cannot be verified, nor can they be chdmgth confidence.

The problem in both cases is that the source ofrebd truth (the event itself) has passed and dhe c
lected data are all that remain. Without some iedepnt source of the observed truth, e.g., an gisdio
ual or other complete record of the event, theectdld data must be accepted as they are becadrse no
sis upon which to make changes (corrections) exists
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Data Collection
Contemporan-

eous with Event Data collection Data collection
|
Data cleaning Data cleaning
Time 1 Time 1 Time 2

A. Contemporaneous collection and cleaning | B. Contemporaneous collection with post-cleaning

After Event
Data collection Data collection
I
Data cleaning Data cleaning
Time 1 Time 2 Time 1 Time 2 Time 3
C. Post-collection with cleaning D. Post-collection followed by post-cleaning

Figure 2: Relative Timing of Key Data-related Milestones

Any of the arrangements B, C or D are renderedecltisthe ideal where the event of interest is néed

in a way that preserves needed informational asp#dnterest (a real source of truth), i.e., infation
preservation decreases the importance of datactole and cleaning contemporaneous with the
occurrence of the event of interest. In this cdee,example, video recorded clinical encounters,
collecting data after the fact, e.g., a clinicimaxting at the end of a shift, can achieve the satcaracy

as contemporaneously collected data. With the secgsresources, collected data or suspected
inaccuracies can be verified against the recordetth {the true source), similar to viewing the asto
rather than the shadows in Plato’s cave allegomg dases above point to actions that can be taken a
study planning to prevent or mitigate predictaldarses of error. For example, in the cases of tests

on biological samples, independent samples canakentand handled separately or even sent to
completely separate labs, thus, the risk of loosiata due to sample loss, delays in shipping, loerot
damage is mitigated. Mitigating or preventing imppaomber 1 above is accomplished by preserving a
“source of truth”.

Impact 2 above stems from the time lag between ctataction and data cleaning. For example, pmor t
internet and mobile device based data collectiomestypes of data were usually collected by hatlieg
patients complete forms that were subsequently serd data center for entry. In this scenario,
discrepancies could not usually be corrected duane lag between form completion and processing at
the data center crating a lengthy recall perioc:hSzorrection was of questionable validity and ieda

an arduous process of contacting the study sitdgtansites in turn contacting the patients tothskn

how they were really feeling three weeks prior. Doeecall issues, such cleaning was misguideds, thu
patient completed forms were not usually “cleaned/ith internet and mobile device based data
collection researchers have the ability to incletiescreen discrepancy checks where appropriate, and
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other data cleaning or integrity algorithms suchlaging the time of entry. This relocation of the
discrepancy detection and resolution process funtipstream works not just because of the timing of
data cleaning with respect to data collection,dmdause this gives the best chance of having thece

of truth”, in this case the patient, closer to th&nt of correction, i.e., higher likelihood thatet
discrepancy can be reliably corrected. Furthereffext varies because the intervening variabhee tiag
between occurrence of the event and the data tiolledmpact 2 above is thus mitigated by a two-
pronged approach, 1) decreasing the distance (ggloigal, temporal, or level of expertise) betwdsn t
“source of truth” and the data collection, and [Bpoing data as close as possible to the “sourtreibi’.

The further removed data collection is from theuwoence of the event of interest, and the further t
data cleaning is from the occurrence of the evéniterest and the data collection, 1) the feweians
available for preventing, or mitigating, identifgiand resolving discrepancies, and 2) the moraurese
will be required to achieve levels of data accuralstained in the ideal contemporaneous case. Figure
explores the impact of relative timing on error yanetion and data cleaning options. Also, for each
arrangement, Figure 3 identifies main attractivadess. In practice, these advantages and limitsiof
course need to be weighed and considered with cespéhe particular research scenario.

With any of the above options, discrepancies maydkatified by inquiring of, or comparison to the
source or recorded source where available, congratiz a known standard, consistency checks with
other data values, aggregate checks and distribalticomparisons, or comparison with independently
collected data. However, and described well inrabtheory, some errors are detectable, othersate
and some errors are correctable, while others ate Thus, some errors are neither detectable nor
correctable and some errors are detectable butaroéctable. The arrangement chosen for a given
research scenario alters which types off errotsrid the detectable and correctable categories.

The four arrangements above are one, albeit a kdyaapriori factor that may determine information
accuracy. Admittedly, much of the argument for teamporaneous recording and cleaning rests on the
concern for ephemeral states that would not alloimg@back at a later time for validation. There afe
course many shades of grey between static and ephkstates that should be mentioned. For example,
although one may misplace a lab result, it may ay not be the case that a redraw later is equalig v

for a given data use. Another example is the measent of a patient's weight. Weight may be fairly
stable -- except in the case of surgical amputatidelivering a baby, or during aggressive treatmén
congestive heart failure. Depending on the desttath use, the weight at the prior or next clinical
encounter may or may not be appropriately imputagl, last observation carried forward (LOCF). Ehes
phenomena are easily factored into the frameworkdnsidering the event of interest, how quickly it
changes, and whether or not a replacement obsamiata sufficient “source of truth”.

Importantly, the relative timing of key events isokvn in advance and can be used to plan capalde dat
collection and processing processes, or for exjsista, can be used to asses the likelihood thatade
capable of supporting a secondary use. Furtherg samor causes may be suggested by the framework.
For example, recall-based errors where informatimiection is removed in time from occurrence & th
event would be suggested in arrangement C and Ddiuh arrangements A and B. There are however
important characteristics of data errors that arean all or not completely predicted by the fraroeky
such as the location in the data set, the distobwnd the extent of errors.

For example, random key errors in the last digithef blood pressure are not likely to adverselyaaotp

conclusions based on aggregate data whereas seudrers caused by an improperly calibrated
measuring device may have an impact. Likewise,dis&ibution of the errors within a dataset may
correlate with particular arrangements A-D but & hkely determined by the relative timing of key
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events.

Data cleaning

Contemporaneous with collection After collection

Scenario A Strengths Scenario B Strengths
Identifying discrepancies and resolvind’revent loss due to time lag between gol-
while still with the source allows maxj-lection & event,
mum chance for resolution of all detect-

able discrepancies, and less costly reso-
Contemporaneous| lution

with event
Scenario A Limitations Scenario B Limitations

Can not control the timing of data cql-Opportunity to resolve discrepancies while
lection and cleaning for existing data | still with the source is lost. If the source|is
recorded, data can be compared with nec-
orded source to identify discrepancies; this
is usually more costly due to going back|to
a recorded source.. Further, discrepancies
must be filtered to separate data pfo-
cessing errors from others.
Scenario C Strengths Scenario D Strengths
Data processing errors can be identiflelfl lower accuracy can be tolerated, may|be
and corrected real-time. the lowest cost option.

Data collection

Scenario C Limitations Scenario D Limitations
Allows loss due to time lag betweerNo opportunity to correct while subject jis
After event occurrence of the event and data collgstill there/while source is fresh.
tion; recall may be degraded as may the

ability to obtain the necessary data frorhimited or cost-increasing options @
the recording of the source. correcting data processing errors.

=

«

Ability to resolve discrepancies is im-Additionally allows loss due to time lg
pacted by existenceffidelity of sourcdetween collection & cleaning and the
recording and fidelity of data processingccurrence of the event.
as well as by availability of the source
to, “go back to”.

Figure 3: Strengths and Weaknesses in Four Arrangeents of Key Data-related Milestones

DISCUSSION

When one thinks of research data within the framikwthe distinction between common notions of
prospective as collecting data in the future, attbspective as use of previously collected dataines
more fine-grained and with distinctions that ardamable at study design or at decision to usetiegs
data. For example, prospective studies often emgleestionnaires asking about past events, collect
medical history, and details about the onset ofpggms — all past information with data collection
occurring some time after the event of interesucgcand in some cases, in ways that is difficultedl
how far out in time from occurrence of the eventirdérest the original data were collected. Further
retrospective studies may rely on data that welleaed contemporaneously with the occurrence ef th
event of interest, or even recorded directly, dog.a device. In the latter case, we might considese
data having more potential for accuracy than trevipus “prospective” example. The method of data
collection and cleaning should not be assumed &yahel applied to the study, e.g., prospectivaugr
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retrospective, but instead should be determineithdyelative timing of data collection and cleanith
respect to the event of interest.

Existence of a data cleaning milestone in the mddek not imply that all situations should incluiga
cleaning. Instead, we include a data cleaning maitesfor consideration of its utility in a givenesario.

In fact, in many industries and particularly in ebstional clinical studies, discrepancies are rofte
enhanced through independent data sources orfiddngind taken into account in the analysis, but no
corrected. The cost of data cleaning is sometimetfied by the 1-10-100 rule.[20,21] The larger
guestion, however is, for a given data use, isbieefit of data error prevention or cleaning wahh
cost? Based on variability in practice across itriless we say probably not. In clinical reseanshere
data from some studies are used once to answeesdig, and then not used again, it is not wortb it
clean data beyond what is required to support thengd analysis. In the case of clinical registries
where data are collected during routine care, i¥ mat be feasible to clean data at input. In gdnera
when likelihood of secondary use is increased, loewthe risk of a serious problem is too high, then
data are cleaned. Alternatively, when there isvalikelihood of re-use beyond the planned analysis
then a risk benefit analysis will likely favor tliata accuracy to support planned analysis and ngpthi
more.

Tcheng, et al., previously describe two categoofesauses of data accuracy problems in the path fro
the true state of the patient to the documented sffethe patient; 1) representational inadequany, 2)
information loss and degradation.[30] Represematicnadequacy is concerned with the choice of data
elements used to document the state, including esie&snof context necessary for interpretation of the
data values. Representational inadequacy is aecaunsl special case of information loss and
degradation. While representational inadequacymitant and relevant to data accuracy, the impact
accuracy is knowra priori, e.g., issues of level of abstraction and prenigib chosen data element.
These concerns are at the level of the data elearezen operationalization rather than at thellefe
the data value and should be addressed when dgaigi@rationalizations for important concepts and
which data elements are collected or documentedupport the operationalizations. Here, we are
concerned with the accuracy of the collected values information loss and degradation of dataes
and occurring after representational decisions, ¢leice of operationalizations and data elemdraee
been made. Our framework furthers the work of Tghenal. by delineating some key determinants of
information loss and degradation. Tcheng et alsgme their model in the context of data retriewal f
secondary use, while here we are concerned with froispective and extant data.

Reliability and validity, like representational agcy, are properties of the data element rattzer the

data value. To further contextualize the theoryspntéed here, we add that reliability, i.e., degeee
which a measure provides consistent results orateganeasurement attempts, of a measure sets limits
on the achievable accuracy. Validity, i.e., therdego which the measurement itself correspondeo
state one is trying to assess, is also a propé&ttyeomeasure itself and its application. Validjppssibly
more foundational than accuracy, tells us whetlnarod the value should be used at all, e.g., thiteldn
States Food and Drug Administration (FDA) strongbysiders validation of instruments used to collect
data submitted for regulatory decision making.[31]

Helms describes error production in data processpegations performed on data.[32] We characterize
this under the Tcheng et al. framework as infororatioss and degradation in data collection and
cleaning. Our scope of consideration includes thgiral recording of the event of interest and data
collection, and thus, is considerably broader ttman described by Helms. Further, such a broadestop
necessary based on recent empirical work showisgcastion of larger error rates in the data coitect
processes than those resulting from downstreampalat&ssing methods [33].
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Reasons why investigators and research teams seleoptimal data collection and cleaning processes
are varied.[34] Briefly, these reasons often inellatck of knowledge, lack of resources, and compgeti
design priorities. Rapidly evolving data collectitechnologies are removing barriers that previously
prompted suboptimal data collection and cleanirmg@sses. While the framework presented here cannot
affect issues of resources or competing prioritiean mitigate lack of awareness and knowledge.

APPLYING THE FRAMEWORK TO A CASE STUDY

We have elsewhere described a scenario where tiZHestrocardiograms (ECGs) were collected in a
clinical trial.[2] In the scenario, when data tableere being reviewed prior to delivery to the gtud
sponsor, a quality control auditor discovered thataverage values for one clinical investigaticsitd
were very different from the others, so differdmttithe data were characteristic of small mamnadtser
than of humans. Upon investigation it was found tha ECG data recorded on the study data collectio
forms was as shown on the tables and listings,the.discrepant values were not the result of datey
error. It was ultimately found that the ECG machatehe site was faulty. Unfortunately, the disggve
was made over a year after the date of data rewpréirior to the data table quality control cheblere
was no aggregate review of the ECG data, i.e. jtyuansiderations of these important safety dataew
not part of the research design.

Completeness and existence of a source

Analyzing the case according to the framework, B@G print-out is a complete (with respect to the
parameters of interest) recording of the event, itee electrical activity of the myocardium duritige
period of interest. This complete and contemporagserecording of the event was available for
verification, and ultimately how the cause of thielpem was identified.

Possible arrangements of key data milestones

As stated, the scenario most closely resemblesgeraent D — data collection after the event with
subsequent data cleaning. Here, the data colleigitre recording of the ECG parameters on theystud
data collection form. There was no cleaning contanapeous with data collection. Arrangement D could
have been improved by earlier collection and trassion of data to the data center or by applyirgy th
data cleaning as close to data arrival as possitiissentially closing the time gap or achieving
arrangement A, B, or C would have been an improvemia particular, comparison of aggregate
statistics across sites as data were collectedrandmitted to the data center would have detettted
problem during the active treatment phase of thed &and subsequent errant data could have been
prevented.

The ideal case would be to take the informationlityuaspects into account during study planning and
implement arrangement A, where two or three consecECG readings were taken and transmitted or
otherwise subject to range and consistency cheglsoan as they were recorded, preferably while the
patient was still in the examining room. At the éirof the case, such real-time data transmission and
checking was not possible. We do not argue thaidibal case is appropriate for every case, mehaly t
the logistics and cost required to produce the seang level of information quality be considerediwig

the research design.

L IMITATIONS AND FURTHER WORK

While the reasoning here is from first principlesdaseems intuitively solid, we prioritized the farst
considered, and thus do not address the full congpit of factors impacting accuracy of research.data
Further, only “controllable or discernable” factawere considered (controllable at least in prospect
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data). Thus, as discussed earlier, the framewoopgsed here is not complete over all causes of
information errors in clinical research. For exdmms described elsewhere,[33] the distinct factor
impacting the accuracy of the medical record abstma process alone numbered close to three hundred
These factors and others come into play when cerisigl as we do here, the broader scope of data
recording, collection and cleaning processes aatlsical research. Although we posit one framework
here, additional inquiry is of course required &eiimine those factors that are of greatest imjpadata
accuracy. The framework proposed here represeptstigsis generation through qualitative consensus -
what a few experienced practitioners and reseasatbeem to be key aral priori determinants of data
accuracy. Thus, the determinants are likely nescgdsut are certainly not sufficient for data aemy.

As such, the model is incomplete; only testing &ral will affirm or not whether these determinaims
fact act as we hypothesize that they do, under edraditions, and whether these factors outweigkersth

The theory posited here, although based on comlempdrt experience, requires testing. Such testing
might involve observation of two studies using tdifferent arrangements (Figure 2) and subsequent
comparison of the data error rates. The ideal wsstld be a controlled trial within one study where
comparable clinical investigational sites are ranlyoand blindly allocated to different arrangements
Support for theory would be offered if discrepanates scaled as indicated in Figure 2 while acéngnt
for possible confounding factors.

| MPLICATIONS AND CONCLUSIONS

Data processing has not often been considerednastisimg that should impact research design. Instead
data processing has often been an afterthoughgrmidered mere operational detail rather tharstiné

of academic discourse. We make the argument th& dallection and processing are important
considerations in research operational designr afile the scientific method relies upon conclusion
drawn from data and reproducibility of researctuttss Further, data collection, processing andruieg

can be costly. There is a growing trend in industinical trials toward risk-based approaches,[38],
according to the potential for impact on study aegulatory outcomes. In non-trial clinical resémarc
settings data quality is often sacrificed for budgge constraints. However with the increasing seeon

use of clinical research data, there is a natersion between risk-based approaches for thelidiia

use and the potential benefits of secondary useslidation of key determinants of data accuracy
supports risk-based approaches, and can ease segwseé tension by also providing a means to assess
availability and suitability of data to support arpicular use.

The experts involved in this work were easily d@oleeach consensus on a set of factors that we etbem
most impactful on data accuracy, that occur incibleection of most research data, that can be obett
during study design and that are easily discermedextant data. Through this work, we provide 1) a
framework that can be tested, and 2) an ideal aga@st which data collection efforts can be agskss
rather than the ambiguity that exists in clinicedearch today. However, the consensus-based migyhod
which we derived the theory doesn’t support furtbenclusions. Therefore, it is important to testhbo
the importance of the identified factors to dataumacy, and the asserted relationships between the
factors.

Although historically, clinical research data haween subject to extensive discrepancy identificatio
verification and resolution processes, the econgméssure on the therapeutic development can no
longer withstand a “clean every data value apprbathe framework proposed here can be used to
inform risk-based analysis and approaches by pimayidandidate processes for which risk, cost and
benefit can be considered. High-risk high-benefitadelements or data sets can be subjected to more
rigorous processes. Further, the actual cost anefth of the process variations can be considéved
identify areas where an ounce of prevention withaigh a pound of cure.
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Abstract: Several DQ improvement techniques (ITecs) hava lpeeposed in order to guide the process of DQ
improvement. However, while these techniques ailvetgeneral, organisations wanting to improve D@rohave
specific requirements that these general ITecsad@ivays meet. Therefore, this paper propose®eedure for
creating a new ITec that is driven by organisatiorguirements and is based on the existing appesato DQ
improvement. In particular, we model the activitiegygested by existing ITecs and provide insightts how the
existing ITecs overlap in their construction andvhtbe internal activities are interconnected. Usingase exam-
ple, we show how this model can be used to seteciriost suitable improvement path for an orgamieatased on
their requirements.

Keywords:Data Quality, Information Quality, Improving Infoation Quality, Information Quality Improvement,
Data Quality Improvement, Improvement model, Imgnoent Techniques.

1. INTRODUCTION

The quality of an organisation’s data is criticalits success, and poor data quality (DQ) can sjiedis-

ter for an organisation—see for example the citabb DQ as a causing factor in the explosion of the
Challenger space shuttle and the mistaken shoaoimgn of an Iranian civilian aircraft [4]. Two key
steps that organisations can take in their quesiniproved DQ are DQ assessment and DQ improve-
ment [1]. DQ assessment is used to determine tirerduquality level of data. DQ improvement is the
process of initiating a change to the data, eithmugh changing the process which creates/chahges
data or cleaning the data itself [1], [3] in orde@make data “fit for use”. As is commonly accepiedhe

DQ literature, data that is fit for use is of higlality [10].

DQ improvement is the focus of this paper, rath@ntassessment, and a number of DQ improvement
techniques (ITecs) have been proposed in ordeuitteghis process (e.g., [2][3][5][6][71[8][9]). Wie
these techniques aim to be general, organisati@ming to improve DQ often have specific require-
ments so that strict adherence to these generes libeeither not necessary or do not always yietd s
cessful results. For example, no single ITec dbssrhow to conduct an improvement exercise that in-
volves determining root causes, selecting rele@ttools, trialling simple solutions to the DQ prob
lems and validating the improvement results. Orggions may also want the flexibility to skip paofs
the improvement process that are not needed to tmeietrequirements. In this case, existing ITeah-i
vidually do not provide comprehensive guidancehendptions and alternative paths that can be taken
particular stages in the DQ improvement proceseyTiso do not indicate what information would be
missing should certain activities be avoided and tios would affect the rest of the process.
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The research question we address in this papérdsv can an effective and robust DQ improvement
technique be built that meets an organisations’ ®Quirements?” A process that addresses this will
need to meet the following criteria: (1) It sholle able to accommodate all the requirements poged b
the organisation; (2) It should avoid unnecessatiyidies; and (3) it should show the alternativays in
which an organisation can perform the improvemerstell on any changes to requirements (4) finally it
should ultimately yield successful improvement tessior the organisation.

In order to address this problem, we present a hafdde DQ improvement process that shows all the
activities from the existing ITecs and how they e and interconnect. This was done through an ex-
tensive literature review to identify the existifigecs, and extracting the activities that compeseh
ITec. These activities were then analysed to deternwhat inputs are needed for each activity and
hence, what the ordering constraints are for eatiigy. Activities that aimed at achieving the sam
goal were merged as duplicate activities. An indejeat review process was used to ensure that the ex
tracted activities were correctly interpreted.

This model can be used to select the most suiiadpeovement path for an organisation based on their
requirements. For practical implementation in adustrial context, a four-step process that uses thi
model is also described. Academically, the modeksdo determine the fundamental pieces of DQ im-
provement that are common throughout all ITecss hoped that it provides a basis from which new
ITecs in particular applications/contexts can shawat parts are solely application/context dependent
compared to the parts that are applied in all cdste

The rest of this paper is organized as followsti8e@ describes DQ improvement and how it is viéwe
for this research. Section 3 describes the prookgtentifying the ITecs from the literature, exttiag

the activities from these ITecs, extracting thé&dimetween the activities, and finally the modeD&)
improvement. Section 4 describes the four stepsctirabe used with the model to determine a s@tabl
DQ improvement path, and section 5 gives an exawipl®w to use the steps with the model based on
an industrial scenario. Section 6 discusses thidlilons of the work and section 7 presents theckenn
sions of the paper.

2. DATA QUALITY IMPROVEMENT

The terms data and information are used synonymaushis paper. One way of viewing a DQ method-
ology is to split it into two main parts: assesstramd improvement. State reconstruction is sometime
referred to as the initial step; however, mostha éxisting techniques start with the assessmeadeph
and incorporate the workings of state reconstraciido the assessment part [1]. As noted befois, th
paper focuses on the improvement part, which usesesults of a DQ assessment to provide an under-
standing of the current level of DQ, to inform timeprovement exercise of what data needs to be im-
proved. In the existing literature, it is commonfittd proposals of a DQ methodology which comprises
both DQ assessment and improvement (e.g., [3][9F].

At a further level of detail we view DQ improvemeat a series of steps that are executed to délater
ter data quality in the organisation. In this pathexse steps are referred to as activities andateli at a
relatively high level, what needs to be complefBuke activities can therefore be conducted in ciffer
ways depending on how the data professional wariteglement them.

DQ improvement can be classified in two differerdya: data-driven and process-driven. Data-driven
approaches “take existing data that is defective @nrect the deficiencies to bring it to an acabjs
level of quality” [3]. In contrast, process-drivaipproaches improve DQ by redesigning the processes
that create or modify the data [1]. The literatteeiew conducted for this research found that mb¢ do
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all ITecs fit into these two categories, but mosthe ITecs are in fact a combination of both almelyt
demonstrate how to manage a process or data-dapproach within their constituent activities. The
model therefore includes both perspectives of imgmoent.

3. REVIEW AND EXTRACTION OF DQ IMPROVEMENT ACTIVITIES
As mentioned before, a literature review was cotetlico identify existing ITecs before extracting th
constituent activities. The Scopus search engi@MAand IEEE digital libraries, Google books and-pro
ceedings of the International Conference on InfaionaQuality were used to search for studies contai
ing ITecs. Conferences that have particular trahks are related to DQ, such as the European Gonfer
ence on Information Systems (ECIS) and the Amer{€asference on Information Systems (AMCIS)
were also searched. Furthermore, as a follow-upcke¢he references section of each paper was also
checked for additional studies containing ITecds Hecondary search produced many papers from vari-
ous areas that further searches using other seagthes were deemed to be unnecessary. The fojowin
inclusion/exclusion criteria were applied to guitie selection of studies (papers, books etc.) vilesie
included in the review:
Studies were selected if:

1. the study contains a generically applicable ITet @d@scribes what activities are involved

2. the study describes a DQ methodology and parteofrtethodology is an ITec

Studies were rejected if:

3. the study contains an ITec that has not been sufgjecrigorous review (as required by papers in
high ranking journals or peer reviewed books)

4. the ITec in the study has not been subject to &umbhonplementation and successful trial of the
approach that resulted in some benefit with regard3Q

5. the study does not describe an ITec and its aetivih sufficient detail to enable the reviewer to
clearly and easily extract and document the a@ivit

6. the study describes only DQ assessment and ndtean |

These criteria were chosen in order to ensureth®afinal model of DQ improvement, which uses the
activities from each ITec, will be practically uskeby ensuring that each selected ITec is impleatdat
produces demonstrable good results and can besioddrsufficiently to allow the reliable extractioh
activities. The final list of selected ITecs aneé 8tudies which propose them are shown in Tabl€ez.
names are followed by ‘-i' because they are para @l DQ methodology (that is, having both a DQ
assessment and improvement part) and this suffisésl to distinguish the ITec from the full methledo

ogy.

ITec name | Name Reference

EDQP-i Executing Data Quality Projects [6]

CDQM-i Comprehensive Data Quality Meth{2]
odology

COLDQ-i Cost-effect Of Low Data Quality [5]

DQFG-i Data Quality Field Guide [8]

SODQA-I Subjective Objective Data Qualify7]
Assessment

TDQM-i Total Data Quality Management [9]

TQdM-i Total Quality data Management [3]

Table 9: Final List of Selected ITecs

Extraction of Activities
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For each of the ITecs in Table 9, the activitiesenextracted from the sources describing thesesl@dad

the resulting activities are shown in Table 2. #grttaction table’ was used for each ITec to documen
details of all activities in an ITec including: thetivity name, description of the activity, a @os
reference to the location of the description of életvity in the study, and any other commentsngs
structured review process, the extraction tableswbecked by an independent reviewer to ensute tha
the extracted activities were correctly interprefiein the ITecs, are at a consistent level of glaity,

and are not overlapping. Furthermore, some a@#/itire common to more than one ITec and in this
case, the relevant activities were merged intomglsiactivity; the process of merging the rele\agtivi-

ties was also validated by two independent reviewEable 2 shows all the improvement related activi
ties and includes an index number and abbrevigfmnconvenient reference to the activity in this-p
per), the activity name, description, and the ISgcpntaining the activity.

TQdM-i is significantly different from the other €Cs because it is actually two ITecs: one for &gse-
driven and the other for a data-driven approaclis dfstinction is made via the activities where #we
tivities for each approach are different and thly averlapping activity is ‘Execute the improvement
The activities from only the TQdM-i process-drivapproach have been included in this research be-
cause they are sufficiently general with regard®@improvement. By contrast, the data-driven lirec
TQdM-i is very specific to data warehouses. Andlsthihis is very useful for guiding data warehouse
related DQ projects, this research focuses on geb€) improvement techniques (see literature review
inclusion criteria 1). The other selected ITecs destrate how to manage a process or data-driven ap-
proach within their constituent activities.

129



ICIQ 2012, the 17th International Conference oroinfation Quality

Index | Activity name Description Source
ITec(s)
1 Select processes ordentify a process or a DQ problem that DQ improgata can| TQdM-i
Probs | problems to focus on| focus on and are most likely to yield significargnkefits if the| COLDQ-i
data can be improved. DQFG-i
2 Build a DQ team Select people who will manage and implement theravgment| COLDQ-i
Team activities. DQFG-i
TQdM-i
3 Identify root causes Investigate and identify all causes of a problemdétermine it§ TQdM-i
Root of DQ problems actual (root) cause(s). TDQM-i
DQFG-i
SODQA-i
EDQP-i
4 Develop and selegtDevelop alternative data quality improvement omioemedie SODQA-i
Op- alternative data qualit and select the option(s) to implement. For examaleoption| TQDM-i
tions ty improvement opi might be to ensure that people update the compatapdse more DQFG-i
tions frequently or distribute the updates to remotessitore often{ CDQM-i
Another option could be to perform data cleansingttee data{ EDQP-i
base at selected time intervals. TQdAM-i
5 Select tools for im{ Select suitable tools (e.g. software, or formalhods) for im-| CDQM-i
Tools | provement provement. An example of software includes datardeng tools| COLDQ-i
6 Plan the DQ im4 Develop a plan, which outlines how the DQ improvatrrocesy CDQM-i
Plan provement process | will be conducted (taking into consideration alhstraints such
as time, cost, availability of resources etc.).
7 Conduct al Develop a cost/benefit analysis using a prioritisistl of im- | CDQM-i
Costs | cost/benefit analysis provement options as a basis. This should takeadntmunt the
of improvement op{ cost of the DQ improvement exercise and the coftsawing
tions poor data quality.
8 Define a metadataDefine a metadata model and extract all relevartandata to] COLDQ-i
Model | model improve the current understanding of the existiatad
9 Define DQ rules Define the rules to which data madtiere. These could be exist€cOLDQ-i
Define ing business rules.
10 Determine what DQ Determine what DQ rules currently exist and to wésdent these COLDQ-i
Rules | rules currently exist | rules are currently being followed.
11 Manage your supplit Determine what rules will be imposed on externaghdaoviders| COLDQ-i
Ext ers (for example, a set of DQ expectations and perafbe non-
conformance).
12 Trial simple solutiong Identify simple solutions to DQ problems as a gtgrpoint and| DQFG-i
Trial to the DQ problem | trial these with the aim of demonstrating that thial solutions
work.
13 Execute the imy{ Implement DQ improvement actions in a controllednner to| all ITecs
Exe provement improve DQ. This may include the actual executibrsaftware,
or the initiation of actions to change businesspesses.
14 Verify the effective-| Verify that the selected DQ improvements do sohesgroblem. | TQdM-i
Check | ness of improvement COLDQ-i
actions DQFG-i
EDQP-i
15 Communicate the Communicate and share the results of the DQ impnewe with | EDQP-i
Comm | results of the DQ relevant people

improvement

Table 10: All DQ Improvement Related Activities
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Links between Activities

When constructing a new ITec consisting of a sedabivities, it is necessary to identify what ordee
activities need to be carried out in so that thsulteng ITec is usable and does not contain un-
implementable links between activities. To mentilba most straightforward example, it does not make
sense to verify the effectiveness of improvemetibas before any improvement actions have been exe-
cuted. To give an indication of the order in whadh15 activities should be carried out, the inpots
each activity were identified to determine exaetlyat ordering was intended in the original studies
scribing the ITecs. For the activity inputs thatrgexplicitly recorded in the original sources, [Esb3 to

11 list these inputs. In each table, the ‘inpuivitgt states the abbreviated activity that is didtas an
input to the activity shown at the top of each ¢alal description is also given for why this isdistas an
input as well as the source ITec that lists theiinp

Activity num- | 2 (Build a DQ team)

ber
Source ITec(s) | Input Description
activity
COLDQ-i Probs Various teams are built to address eachemolfp 475 step 9)
DQFG-i Probs the team is built using people thhtesto parts of the information chain fpr
each of the DQ problems. (p132 1st bullet).

Table 11: Extraction of Inputs for Activity 2

Activity num- | 3 (Identify root causes of DQ problems)

ber
Source ITec(s) | Input Description
activity
TQdM-i Probs A candidate process for improvement is shasvan input. (p293 1st input).
DQFG-i Team People close to the problem know aladwtit occurs. (p133).

Table 12: Extraction of Inputs for Activity 3

Activity num- | 4 (Develop and select alternative data quality ompment options)

ber
Source ITec(s) | Input Description
activity
EDQP-i Root Root causes is mentioned explicitlyaasinput to activity 4 (p 209, table
3.35)
DQFG-i Root It is stated that root causes can leel i3 help formulate the solutions. (p 183
step 4 D).
SODQA-I Root Figure 2 shows root causes as an irffpl16)
TQDM-i Root In the study, activity 4 starts afteot causes (p 65 first sentence of ‘imprgve
IP’ section)
TQdM-i Root Root cause is described as an implicit part of gaictivity 4. (p 293 step 2)
Table 13: Extraction of Inputs for Activity 4
Activity num- | 5 (Select tools for improvement)
ber
Source ITec(s) | Input Description
activity
CDQM-i Options | The activity matrix that defines the optide used to help select the toqg|ls.
(p187 first sentence section 7.4.8).

131



ICIQ 2012, the 17th International Conference oroinfation Quality

Table 14: Extraction of Inputs for Activity 5

Activity num- | 6 (Plan the DQ improvement process)

ber
Source ITec(s) | Input Description
activity
CDQM-i Costs The plan should take into consideration afistraints such as time, cost,
availability of resources etc. (see definition iable3).

Table 15: Extraction of Inputs for Activity 6

Activity num- | 7 (Conduct a cost/benefit analysis of improvemeioms)

ber
Source ITec(s) | Input Description
activity
CDQM-i Options | The improvement options are needed as mptitat the cost can be evalupt-
ed for each option.(p188 7.4.10 1st sentence).

Table 16: Extraction of Inputs for Activity 7

Activity num- | 12 (Trial simple solutions to the DQ problem)

ber
Source ITec(s) | Input Description
activity
DQFG-i Root Root causes can be used to help implemerttitesolutions. (p 133 step ¢
D)
Table 17: Extraction of Inputs for Activity 12
Activity num- | 13 (Execute the improvement)
ber
Source ITec(s) | Input Description
activity
EDQP-i Plan The improvement plans are noted as an inp214(see first input in table).
DQFG-i Trial The trial solutions are rolled out fall once they have proven their worth.
(p133 step 5 A and B).
TQdM-i Options | The recommended improvement optiares noted as an input. (p298 first
input).
Table 18: Extraction of Inputs for Activity 13
Activity num- | 14 (Verify the effectiveness of improvement actjons
ber
Source ITec(s) | Input Description
activity
EDQP-i Exe The results from executing the improvementdafined as an input.
(p223 see 1st 3 inputs in table).
TQdM-i Exe The measured results are defined asput ito verifying the effectiveness of
the results. (p299 1st input).

Table 19: Extraction of Inputs for Activity 14

4. DQ IMPROVEMENT MODEL
The final model of DQ improvement, based on theviiets and the ordering constraints, is shown in
Figure 6. The boxes in Figure 6 represent the ifieivand the text in each box references the abbre
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ated name of the activity shown in Table 2. Acistare linked with arrows when one activity follow
another, and the reason for this link is describdtie text at the end of the dashed lines.

Activity 15 (Communicating the results of the impement) is not shown in Figure 6 because the EDQP-
i ITec that proposes this activity specifies thathould be done over the course of the improvememt
ject; not after or before a specific activity. Coonmmicating the results should be done at intervatzrder

to keep members of the organisation informed ofpitogress of the DQ improvement project. Commu-
nicating the results can therefore be done at ib&eation of the data quality assessor(s) and ison-
strained by any ordering of the activities.

The DQ team should be formed
using people that understand

and are involved with the probs
processes or problems that
have been previously selected

team
Relevant members of the DQ \

_ The root causes should be identified for the
" previously selected processes and problems

team, who are close to the root Root causes can be used to
problem, are more likely to have .-~ T help formulate the solutions
knowledge of why it occurs and 1

can help in the identification of -
root causes options ___ Tools can be selected for each

improvement option

The costs will depend on the
tools selected

The identified tools can be trialled

The costs should be \\
analysed for each  ----..__ ) The identified options can be

improvement option /=" [-- A ) trialled

The trial can inform the costs model
level of resources and 1

time etc. associated
with individual

: : i For each defined rule,
improvement options define | determine the extent to

1 --------- which it is already being
The overall plan should ’ used
take into account costs, - rules
time resources etc. 1 vy —~ Rules are imposed on
associated with plan l """"""" external data providers
individual improvement
options ext

_____________ Each improvement

The trial solutions are rolled out -------- option is executed

as full implementations

exe
The plan is executed Improvement actions must be
----------------- completed before checking for
effectiveness
check

Figure 6: A Model of the DQ Improvement Process

The “model” activity, although it is linked to tHéools” activity, has no explicit input from thedbls”
activity. This is also the case between the “mod@é€fine” and “ext’-“exe” activities. The orderings
have been retained in the model because it is @mjpti the COLDQ-i ITec that the activities are iGad
out in this order even though there is no exptleiscription of inputs/outputs.
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The links between certain pairs of activities hawebeen considered in the existing ITecs (becaash
ITec does not contain one of the activities in pla@) and therefore for these activities, theredsgguid-
ance on what paths may be followed to completé©@amprovement. As well as combining the existing
ITecs, this model also includes these missing lenkd describes how the inputs can be used. There ar
only two such additions (between “tools” and “ttjadnd “trial” and “plan”) and these are shown with
finer dotted lines between the link description #mel activity links.

The model provides an indication of the activitieat can be skipped by informing the data assessor

what inputs would be missing should he or she ekclan activity. For example, excluding the costs
activity would mean that if the plan activity isrmhucted, then it would need to be based on other co
straints other than cost, such as time and ress@tce

5. CUSTOMISING DATA QUALITY IMPROVEMENT

The model described in the previous section candssl to select the most suitable DQ improvement
path that matches an organisation’s requiremerits. fdllowing steps, extended from the steps in the
Hybrid Approach to assessment (see [11]), are @@ghdo assist organisations in their attempts to de
termine the most suitable path.

Step 1: State the initial motivation

The improvement process should start with a goaterstanding of the initial motivation for attemgtin

to improve DQ. The initial motivation should follofrom the results of a DQ assessment which provides
an understanding of the current level of DQ, andation of the current DQ problems, and the extent
which these DQ problems need to be improved. Acgl@tatement of an initial motivation could be:

To improve the accuracy of customer sales datachvhias been identified as requiring im-
provement from a previous DQ assessment.

Step 2: Identify the company requirements relatedd the DQ improvement

Different companies will have different DQ improvent requirements relating to the context, such as
the number of people working on the assessmentuatal data, criticality of the data etc. There may

also be specific actions that the organisationdiesady decided are necessary and therefore waats t

improvement process to include. This step requinesorganisation wanting to assess DQ to identify
these requirements, and a typical requirementratiecould be:

The improvement process needs to include the faeion of root causes for inaccurate cus-
tomer sales data

Step 3: Select ITec activities that meet the requements

The aim of this step is to select the relevantvdids, from the list in Table 2, which meet thejuee-
ments that were identified in the previous stepteNibat in some cases it may be necessary to select
more than one activity for a single requiremente fitodel of DQ improvement (Figure 6) can be used to
plan the path through the relevant activities allmamhe organisation to choose the most effectoree.

The general aim of this step is to select a sefiextivities that fulfil the needs of the orgariea with
respect to DQ improvement. The DQ improvement méust shows how these should be arranged.

Step 4: Select specific methods for each activity

The final step involves selecting the concrete weashto be used to carry out each activity alongrie
provement path. Unfortunately, there is no singlerse that describes all the methods. One means of
doing this is to use the original source (papeokbetc.) that described the activity and use théhots

134



ICIQ 2012, the 17th International Conference oroinfation Quality

described by the source. If more than one sourceribes an activity, the most useful/appropriate
method can be used. The data assessor may alstowisk other methods for the activity, if desired.

6. CREATINGANEW ITEC

The following example uses the above steps totilitis how to create a new ITec based on an indlistri
DQ improvement related scenario concerning an ésgéon that needs to improve maintenance related
information. The organisation needs to maintainagsets (such as machine tools) that manufactere th
products that the organisation sells. A DQ assessfoand that data collected on machine tool vibrat
was notcompleteand poor maintenance decisions were being madengathe machine tools to produce
defective products despite the data indicating @hlateak-down was not likely. The initial motivatior

the company to start a DQ improvement exercise (8)eis therefore to improve the completeness of
vibration data.

The organisation wants to improve the current datthe information system containing vibration data
and also to ensure that data will be entered hecsystem properly in the future. The informatigstem

is very large and it will not be feasible to modifgsert or update the values manually. An autothate
solution is therefore required. Furthermore, naixg personnel have DQ as their remit since tloplee
who conducted the DQ assessment are no longerbigilThe DQ improvement requirements (step 2)
therefore include determining what software, susliata cleansing and database synchronisation tools
are needed (either to be purchased or developbduge) to fix the existing data, to identify anx the

root causes of the problems so that the future wéitde correct when it is entered into the systemd

to assign DQ related tasks to relevant personntiérorganisation, so that they can be respon§ible
DQ improvements.

For step 3, the activities shown in Table 20 haaenbmatched to these three requirements.

Requirement Matching activity
Determine what DQ related software tools ai®elect tools for the imf
needed provement
Determine the root causes of the DQ problemddentify root causes of DQ
problems

Assign DQ related tasks to relevant persorjnBlild a DQ team
in the organisation

Table 20: Mapping of Requirements to Activities

The DQ improvement model is then used to identigudable path that includes these three required
activities and this is shown in Figure 7 (the regdiactivities have been given thicker borders).

After the tools activity there are a number of mitgive options, and the organisation decided that
best approach for them would be to trial the td@@#re rolling out the full implementation on thetiee
system. As the organisation conducts the improvérarercise they may, of course, use the model to
identify other activities and decide that identifyithe costs, which is another possible alternativis
case, is needed as well. During the improvementceses the organisation may use the model of DQ
improvement so see what other paths/options ariiableagiven the results they have so far. It daare-
fore aid the decision making of what activities wlddbe carried out on the basis of the progregarso
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The DQ team should be formed
using people that understand
and are involved with the
processes or problems that
have been previously selected

Relevant members of the DQ
team, who are close to the
problem, are more likely to have __.--~"
knowledge of why it occurs and
can help in the identification of
root causes

__ Root causes can be used to
"7 help formulate the solutions

__ Tools can be selected for each
improvement option

_.----- The identified tools can be trialled

The trial solutions are rolled out __
as full implementations

Figure 7: Path Taken by the Organisation

Finally, for step 4, the actual concrete methods #hould be used for each of these activitieseare
tracted from the original sources describing thitvies. The list of methods is shown in Table 21.
some cases, no method has been developed andstwerly advice regarding how best to carry out the
activity.

Ref Activity Selected method [and source ITec]
Probs Select processes or problems Advice: Select problems that have a noticeable ohpasult
to focus on in measureable cost savings, few political issweegirto be

addressed, there is senior management supporssatcthe
problem space is open, and the problem can bebfgasilved
[COLDQ-i]

Team Build a DQ team Advice: Appoint a DQ team adming the following roles:
Project manager, system architect, domain expées Isoft-
ware engineer, and quality assurance and root cmnagsis
engineer [COLDQ-i]

Root Identify root causes of DQ problemy Method: use the fishbone diagram/Ishikawa chart
[TQdM-i][EDQP-i]

Options | Develop and select alternative data] Method: use the benefit versus cost matrix anddimeoenda-
quality improvement options tions for action” template in EDQP-i. [EDQP-i]

Tools Select tools for the improvement Advice: A Pfject is likely to need the following tools:
data cleansing, data standardisation, databas&-chec
ing/validation, rules definition system, rules exiéon system,
approximate matching system. Estimate the numbgmefs
the application is likely to execute in order taedenine what
is cost-effective. [COLDQ-i]

Trial Trial simple solutions to the DQ Advice: put the solution as close to the problerp@ssible
problem [DQFG-i]
Exe Execute the improvement Execute the tools from activity “tools” and carmytdhe rec-

ommendations for action from activity “options”.

Table 21: Selection of Methods for each Activity
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7. LIMITATIONS

One of the main limitations of this work is thahs® ITecs describe in detail how the activitieslareed
together, whereas others do not explicitly statg ame activity should follows another. This meamstt

it was not always possible to identify a clear limtween activities in the model of DQ improvement
(such as between the ‘tools’ and the ‘model’ atitig); future work could address this point. Anethe
limitation, which is inherent in the literature few method used, is the subjective nature of etitrgc
the activities and links. To mitigate this problera applied numerous peer review checks as far &s po
sible in an attempt to ensure that activities wextracted as accurately as possible and that rultip
opinions were considered.

8. CONCLUSIONS

Existing ITecs prescribe a static set of activitrdsich should be completed in order to improve DQ.
However, each organisation wanting to initiate a iD{Provement exercise will have differing require-
ments related to the improvement, such as the teedrry out certain activities whilst omitting etis

due to time and budgetary constraints. The DQ mepdgbosed in this paper shows how the DQ im-
provement process can be dynamic and can takeddiffpaths depending on what the data assessor re-
quires. The model gives an indication of how thévéies, used in a DQ improvement exercise, are
linked together and therefore can be used to ifjehttw one should progress from each activity and
which activities can be avoided as required. The &ep process described in this paper, coupléd wi
the model, can be used to assist the organisatitis endeavour.

There have been numerous proposals of ITecs tloht gige their own perspective on the problem of
improving DQ. Whilst it is useful to have numeraystions available to the data professional, thépro
lem is that most are of a similar nature, and itasclear which activities are fundamental andohtare
specific to a particular application. This worklerefore also a step towards identifying the funeiatal
activities required for DQ improvement. DQ ITecssjplised to particular contexts/applications can
therefore be clear about what activities are spégithat context/application whilst retaining arfidiar
base of DQ improvement activities. Any future deypehents of ITecs should therefore explicitly con-
sider the extent to which they are different and ffoey overlap with the existing techniques. Thalgio

of DQ improvement proposed in this paper can Hedprésearcher integrate any new ITecs into the-exis
ing work.
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Abstract: To some extent, the quality of the data storeihfiormation systems can be modeled by constraivets
postulate conditions of consistency. Thus, qualdyresponds to the absence of inconsistency. ligtensy can
be measured by metrics that size or count the téidlanstances of constraints, and also by methas $ize or
count the causes of inconsistency, i.e., the datafects that are responsible for constraint vimhat Maintaining
the consistency of databases is usually done inviays: constraint violations are either preventgdhecking
constraints upon updates, or eliminated by repaiiimconsistencies. Hence, the quality of the infation
provided by a database can be maintained by chgakimepairing constraints. We show how both chagldnd
repairing can be realized by inconsistency metAssopposed to conventional methods for checkirdyrapairing,
such metrics enable the tolerance of inconsistarey,of impaired data quality, which is necessarylatabases
that may contain information that lacks qualitycdnsistency tolerance also enables an extensiqnadity control
by metric-based quality management to concurrantiiaser databases and distributed systems.

Key Words: Data Quality, Inconsistency Metrics, Quality Ckieg, Quality Repairing, Concurrent Multi-Users

1 INTRODUCTION

In earlier work [6], it has already been shown tha quality of the data stored in databases and
information systems can be modelled, measured ammitoned by semantic constraints and suitable
constraint checking methods. Such constraints gpeessions in the data description language (usuall
SQL). They formalize conditions of consistency thet¢ required to be satisfied in each database. stat
Thus, violations of such constraints correspona tack of data quality.

In order to control the quality of information assodatabase updates, constraint violations shauld b
guantifiable by inconsistency metrics. In [6], th&sential idea of quantifying the quality of infation
was to size the set of violated instances of cairgs. If, by any updatd, that set would be discovered
to increase, thel) should be rejected. Also a simple count of allatied instances of constraints may
serve as an inconsistency metricifvould increase that count, theinshould be rejected. Not only the
(cardinality of) sets of violated cases, but alse database facts that cause the violations caizbeé or
counted for quantifying the amount of inconsisteimcthe information provided by a database. Theafid
was elaborated in [9].

In this paper, we go beyond the achievements d®][@ three ways. Firstly, we generalize the case-
based approach of [6] and the cause-based apprfaf¥j to a generic concept based on arbitrary

inconsistency metrics, including a thorough axideaion of such metrics. Also, we consider new

metrics that refine the mentioned case- and caaseebmetrics by application-specific weights assign

to cases or causes. Secondly, we enlarge the sfapeality maintenance, which so far has consisted
only in constraint checking upon updates, by mdidsed quality repairing. Repairs are updates that
eliminate extant quality impairments, i.e., conisiraiolations. In particular, the inconsistencyet@nce

of our approach enables a concept of partial reghit avoids the side effects of repairs thatrare
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quality-preserving. Thirdly, we recall that curdgnthe support for quality maintenance and hente o
quality control in concurrent transactions is ldydeft to the user. However, our inconsistencyetaht
approach to quality maintenance also enables anratization of quality control in distributed sysie
with concurrent transactions.

In Section 2, we outline formal preliminaries foetremainder. In Section 3, we define a genericepn

of inconsistency metrics. In Section 4, we appig ttoncept to inconsistency-tolerant quality chegki
and repairing. In Section 5, we shall see thatp@sosed to conventional constraint maintenance, the
metric-based approach to quality maintenance caxtemded without efforts to concurrent transadion

In Section 6, we conclude.

2 PRELIMINARIES

2.1 Database Issues

Unless specified otherwise, we use notations armdinelogy that are common fatatalog[1,4] and

first-order predicate logic [10]. For an updatef a databasB, we denote the updated databas@b&l
An update requeds a sentencR required to become true by updatibgRepairsare updates that satisfy
update requests by eliminating constraint violation

Quality constraintgin short,constraint usually are represented Hgnial clauses, i.e., universal sen-
tences of the form- B, whereB is a conjunction of literals that asserts wslabuld not holdn any data-
base state. Auality theoryis a finite set of quality constraints.

Let symbols such ad, Q, I, U always stand for a database, a quality theorgrstcaint and, resp., an
update. For each senteriéewe may writeD(F) = true (resp.,D(F) = falsg if F evaluates tdrue (resp.,
falsg in D. Similarly, we writeD(Q) = true (resp.,D(Q) = falsg if each constraint i is satisfied irD
(resp., at least one constraint@nis violated inD). Let vioCon(D, Q) denote the set of violated con-
straints inD.

Let H be a universal Herbrand base aWd universal set of constants, represented w.lby.gatural
numbers, in the language of each database. We seay to delimit elements of sets since ', alsootes
conjunction in the body of clauses. Symbolsg=and < denote logical consequence (i.e., truth in all
Herbrand models), meta-implication and, resp., regiaivalence. By overloading, we use = as identity,

assignment in substitutions, or meta-level equaliggations of |= and = are denotedwnd resp. #.

2.2 Cases and Causes
Similar tovioCon cases and causes are the basis of the incoristetrics that are presented in 3.2.

A caseis a ground instance of a constraint. CatQ) be the set of all cases of constraintfinand
vioCagD, Q) = {C |C in CagQ) | D(C) =falsg the set of all violated cases @fin D.

Causes have been introduced in [9]. Below, we iiadagpe their definition.
The well-knowncompletionof a databasP be denoted bgomgD) [5]. It essentially consists of the if-

and-only-if completions (in shortompletion} of all predicates in the underlying language. &qredi-
cate p, let pp denote the completion gF in D.
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Definition 1.

Let D be a databasep a predicate,n the arity of p, x1, ..., xn theld-quantified variables inpD
and ¢ a substitution ofxy, ..., xn. For A =p(x1, ..., Xn)p, thecompletionof A in D is obtained by
applying ¢ to pD and is denoted bAD. Further, letcomgD) = {AD |Ain H}, and if(D) and only-
if(D) be obtained by replacing in eachAD in comfdD) by — and, resp.~. Finally, letiff(D) be the
union of if(D) and only-if(D). The usual equality axioms aomgD) be associated by default also to
iff(D).

Definition 2.
Let D be a database ahd — B a constraint such th8([B) =true. A subset of iff(D) is called acause

of the violationof | in D if E |=[B, and for each proper sub&tof E, E' ¥ — B. We also sa)E is a
causeof (B in D if E is a cause of the violation @& in D; E is acauseof the violationof Q in D if E is a

cause of the violation of a denial form of the cmgtion of alll in Q. Let vioCauD, Q) be the set of
all causes of the violation d in D.

3 INCONSISTENCY METRICS

Inconsistency metrics are a special kind of meastoe quantifying the amount of quality violation i
databases. In 3.1, we axiomatize inconsistencyiesein 3.2, we illustrate that by several examples
3.3, we discuss the desirability nof some moreragithat are commonly associated to measures.

3.1 Axiomatizing Inconsistency Metrics

An inconsistency metric is a mapping from pairs D, Q) to a metric space that is structured by a
partial order < with an infimum o, a distanced and an additio® with neutral elemento. The

partial order allows to compare the amount of irstgiency in consecutive statds, Q) and DU, Q).

With the distance, the difference, i.e., the increase or decreasecohsistency betwedd and DY, can
be sized. The additio® allows to state a standard metric axiomdpando is, at a time, the smallest
element of £, <) and the neutral element &.

The purpose of/(D, Q) is to size the amount of inconsistency B, Q). Definitions 3 and 4 below
specialize conventional axioms of metric spaces am@hsures. In a sense, these definitions also
generalize conventional aximomatizations, since tiéow to size and compare different amounts of

inconsistency without necessarily quantifying themmerically. WithS = 2CadQ), for instance < =,
0 = |-| (symmetric difference)® =uU and o =@, it is possible to measure the inconsistencyDof))
by sizingvioCagD, Q).

Definition 3.

A structure £, <,0, @, 0) is called ametric space for quality violatioin short, ametric spacgif (Z, @)
is a commutative monoid with neutral elemenk is a partial order olx’ with infimum o, andJ is a
distance or®. More precisely, for eactm, m, m" € X, axioms (1)-(4) hold for<, (5)-(8) for @,
and (9)(11) for ¢.

m=<m teflexivity) (1)
m<m, m<m = m=m (antisymmetry (2)
m<m, m<m' = mm (transitivity) 3)
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o<m (nfimum) (4)
M (MPm')=(me@ m )P m'(associativity (5)
mem =mo@m (commutativity (6)
m@o =m (heutrality) (7)
m=<m@m @-monotonicity  (8)
o(m, m) =4(m', m) gymmetry 9)
o(m m)=o0 (dentity) (10)

o(m m") < 8(m m) @ s(m, m")  (riangleinequality) (11)
Let m<m' denote thatm<m' and m# m'.

Example 1.
(M, <, ||, +, 0) is a metric space for quality violatiorheve A is the set of non-negative integers. In
this spaceyioCon(D, Q), vioCagD, Q) or vioCauD, Q) can be counted and compared. As already in-

dicated, these three sets may also be sized anpacethin the metric spaceQ((Z, 6,U, 0), whereX
stands foQ, CaqQ) oriff(D), respectively, ané is the symmetric set difference.

Definition 4.
We say thav is aninconsistency metri@in short, ametrig if v is a mapping of pairdd Q) to a metric
space Xk, <, 4, @, o) for quality violation.

3.2 Examples of Inconsistency Metrics

Example 2.

A coarse, simple metrig is defined by the equatigi{D, Q) = D(Q), where the range of is the binary
metric space (fue, falsg, <, 7, A, true). In this spaceg andr are defined by stipulatingue < false
(i.e., satisfaction means lower inconsistency tkaiation), and, resp.z(w, w) = true if w=w',

otherwiser (w, w) =falseg forw, w € {true, falsg.

Clearly, g and its metric space reflect the classical logsatimtction that a set of formulas is either
consistent or inconsistent, without any furthefetiéntiation of different degrees of quality. Theaning
of z is that each consistent pab,Q) is equally good, and each inconsistent p&irQ) is equally bad.

Example 3.
The metrics and }| compare or, resp., count the set of violated tcamgs inQ. They are defined by the

equationg(D, Q) = vioConQ, D) and }|(D, Q) = |1 (D, Q) |, where ]| is the cardinality operator, with

metric spaces @ c,6,U,0) and, resp., o, <, ||, +, 0). Two more fine-grained metrics are givgn b
(D, Q) =vioCagQ, D) and {|(D, Q) = |4D, Q)|, with metric space2€a4Q), c, ©, u, @) and, resp.,
(N, <, | = |, +, 0). Similarlyx(D, Q) = vioCauQ, D) and k|[D, Q) = |«(D, Q)|, define cause-based

metrics, with metric spaceQif((D), c,6,U,0) and, resp., againiyg, <, |-|, +, 0). Other metrics are
addressed in subsections 3.3.1 and 4.1.
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3.3 More Axioms for Inconsistency Metrics

In 3.3.1, we argue that the standard axiom of pesitefiniteness of measures is not cogent for
inconsistency metrics. In 3.3.2, we show that tiaadard axiom of additivity of measures is invdbd
inconsistency metrics. In 3.3.3, we also dismiss skandard axiom of monotonicity of measures for
inconsistency metrics, and propose a valuable ntaria

3.3.1 Definiteness

For conventional measures definiteness means tha(S) = 0 if and only ifS=@, for Se€ X. For
inconsistency metricg that takes, for eactd( Q), the form

v(D,Q) =0 & D(Q)=true (definitenesy (12)

Clearly, (12) assigns the least inconsistency valygecisely to those databases that totally yasilf
constraints irQ. It is easy to show the following result.

Theorem 1
Each of the metrics, 1, 1|, { [{], x, |« | in 3.2 fulfills (12).

Axioms corresponding to (12) are standard in ttegdture on measure theory [2]. Yet, (12) is n@ject

for inconsistency metrics. That is shown by théofeing modification{” of |{]. Letl(D,Q) =0 if |

(D, Q) €{0,1}, otherwisel(D, Q) = |[{|(D, Q). Thus,{ considers each inconsistency that consists of just
a single violated ground case as insignificant. d¢ey’ does not obey (12) but arguably is a very
reasonable inconsistency metric that toleratesgibl amounts of inconsistency.

3.3.2 Additivity and Monotony

For conventional measurgs additivity meangy(SU S) = u(S + u(S), for disjoint setsS S in 2. For
inconsistency metrics additivity takes the form

v(DuD', QuQ) =v(D,Q) & (D',Q) (additivity) (13)
for each D, Q), (D', Q) such thaD andD' as well a$) andQ' are disjoint.

Additivity is standard for traditional measures.wéver, (13) is invalid for inconsistency metrics, a
shown by the following example.

Example 4.
Let D ={p}, Q=0, D'=0, Q ={~ p}. Obviously, D(Q) =true and D'(Q’) = true. Thus. it follows
that [](D,Q) +|{|(D',Q) =0, but {|[(DuD', QuUQ)=1.

For conventional measurgs monotonicity meanSc S = (S =< W(S), for each pair of se§ S in
2. For inconsistency metries monotonicity takes the form

DcD; QcQ = vbD,Q <(D,Q) (v-monotonicity (14)

for each pair of paird), Q), (D', Q).
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An axiom corresponding to (14) is postulated faroimsistency metrics in [11]. For definite databases
and quality theories (i.e., the bodies of clausesiat contain any negative literal), it is easghow the
following result.

Theorem 2.
For definite databasé3, D' and only definite constraints @, Q', each of the metric4 ¢, |:|, & [{], x, ||
in 3.2 fulfills (14).

However, due to the non-monotonicity of negationthie body of clauses, (14) is not valid for non-
definite databases or non-definite constraintsstasvn by Example 5, in which the foreign key con-
straint Ox(q(x,y) - 0zs(x,2)) on thex-column ofq referencing th&-column ofs is rewritten into de-
nial form (we ignore the primary key constrainttbex-column ofs since it is not relevant).

Example 5.

Let D = {p(¥) — q(x,y),~r(x); r(x) « s(x,2); q(1,2); s(2,1)} andQ = {~ p(x)}. Clearly, D(Q) = false
and|{|(D,Q) =1. ForD'=DuU{s(1; 1)} and Q'=Q, we haveD'(Q") =true, hence {|(D', Q") = 0.

A variant of (14) that holds also for non-defindatabases and constraints, requires that the nesasur
amount of inconsistency in databases that viola#dity is never lower than the measured inconststen
in databases that satisfy all constraints. Thuseézh pair of pairsY, Q), (D', Q), the following axiom

is asked to hold.

D(Q) =true, D'(Q") =false = v(D,Q) =< v(D',Q) (15)
It is easy to show the following result.

Theorem 3.
Each of the metricg, 1, 1|, & L], x, |x| in 3.2 fulfills (15).

4 QUALITY MAINTENANCE

To maintain the quality of data, constraint viadats should be prevented or repaired. However, yt loea
impractical or unfeasible to totally avoid incoreizcy, or to repair all violated constraints atenthus,
inconsistency tolerance is needed. That can bewasthiby inconsistency metrics.

In 4.1, we revisit metric-based inconsistency-@aherquality checking of updates (abbr. ITQC). Alse,
show how to confine inconsistency by assigning Wesigo violated cases of constraints. Moreover, we
show how to generalize metric-based ITQC by allgwior certain increases of inconsistency that are
bounded by some thresholds. In 4.2, we outline m&iric-based inconsistency-tolerant quality chegkin
can be used also for making quality repairing irsistency-tolerant.

4.1 Metric-based Inconsistency-tolerant Quality Gtieng

Definition 5, below, characterizes quality checkimgthods that may accept updates if there is no in-
crease of inconsistency, no matter if there is extgnt constraint violation or not. It abstracthptures
metric-based ITQC methods as black boxes, of whathing but their i/o interface is observable. More
precisely, each methdd is described as a mapping from tripl€s Q, U) to {ok, ko}. Intuitively, ok
means thaty does not increase the amount of measured incensigstando that it may.
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Definition 5. (Inconsistency-tolerant Quality Checking; abbr. ITQC

A quality checking methochaps triplesd, Q, U) to {ok, ko}. For a metricv, the range of which is struc-
tured by a partial order, a methodM is calledsound(resp.,completé for v-basedITQC if, for each
triple (D, Q, U), (16) (resp., (17)) holds.

M(D,Q,U)=ok = DY Q) =< v(D,Q) (16)
v0Y,Q) < v(D,Q) = M(D,QU)=o0k (17)
Each method/ that is sound for-based ITQC is also calledvebased methad

Intuitively, (16) saysM is sound if, whenever it outputk, the amount of violation of in D as meas-
ured byv is not increased by. Conversely, (17) sayM is complete if it outputek whenever the update
U that is checked byl does not increase the amount of quality violation.

As opposed to ITQC, traditional constraint checkjagbr. TCC) imposes thetal consistency require-
ment That is, TCC additionally requiréXQ) = true in the premises of (16) and (17). The metric uged
TCC isp (cf. Example 2). Since ITQC is defined not just fobut for any inconsistency metri¢ and
since TCC is not applicable H(Q) = false, while ITQC is, Definition 5 generaliz€EEC. Moreover, the
definition of ITQC in [7] is equivalent to Defindn 5 for v=. Hence, the latter also generalizes ITQC
as defined in [7].

In [7], we have shown that the total consistenguneement is dispensable for most TCC approaches.
Similar to corresponding proofs in [7], it can bdeown that not all, but most TCC methods, including
built-in constraint checks in common DBMSs (e.gr, firimary or foreign keys), anebased, for each
in{t, |21, & <], %, ||} The following results are easily shown by applythe definitions.

Theorem 4.
If a methodM is v-based, then it isv|-based, for eachin {i, {; «}. If M is x-based, then it i&-based. If
M is {~based, then it isbased. The converse of none of these implicatiohds.

Each of the metrics assigns the same significaba@ath case or cause of quality violation. However,
depending on the application, certain cases oresamgy well have more or less impact with regard to
the degree of damage they inflict on the qualityhaf stored information. Example 6, below, illustsa
how the metricsi|, |{], || that count violated constraints, cases or catle@sof can be generalized by
assigning weight factors to the counted entitiestdad of indiscriminately giving the same impoc&ito
each case or cause, such weights are useful foelmgdapplication-specific degrees of violated dyal

A simple variant of such an assignment comes ifiexewhenever 'soft' constraints tlatghtto be sat-
isfied are distinguished from 'hard' constraintt thustbe satisfied.

Example 6.

LetIr andhr be two predicates that model a low, resp., higk. frurther]1 = < Ir(x), 12 = < hr(x), be

a soft, resp., hard constraint for protecting agfaliow and, resp., high risks, whdreandhr are defined
by the database view claustgx) — p(y,2), X =y+z, x>th,y<z andhr(xX) —« p(y,2), X = y+z, x>th, z<y,
resp., wheréh is a threshold value that should not be exceded péB, 3) be the only cause of quality
violation in some databasB. Now, for eachv in {i, { x}, no v-based method would accept the
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updateU = {deletep(8, 3), insertp(3,8)}, although the high risk provoked Ipg8; 3) is diminished to the
low risk produced by(3, 8). However, metrics that assign weights to cagd® that are higher than
those ofl1 can avoid that problem. For instance, considentbg&icw that counts the numbeng andn2
of violated cases of1 and, respl2 in D, and assignd1 n1 +f2n2 to O, {I1,12}), where O<f1<f2.
Clearly, eachw-based method will accepk

4.2 Quality Repairs

Roughly, repairing means to compute and executgdate in order to eliminate quality violation. Bhu
each repair can be identified with an update. th14.we formalize repairs and illustrate them bgrax
ples. In 4.2.2, we outline how to compute repairs.

4.2.1 Formalizing Repairs

In [7], we have distinguished total and partial Igyaepairs. The former eliminate all inconsistes;
the latter only some. Partial repairs tolerate mststency, since violated constraints may perassillus-
trated by Example 7.

Example 7.

Let D = {p(a,b,9, p(b.,b,g, p(c,b.9, q(a,0), a(c.b), q(c,9} and Q = { — p(x, ¥, 2), ~q(x, 2);  q(x,X)}.
Clearly, the violated cases @fin D are — p(b,b,c),~q(b,c) and~ g(c,c). Each of the updates1 =
{insertq(b,c)} and U2 = {deletep(b,b,c)} is a partial repair of @, Q), since both fix the violation of
< p(b,b,c),~q(b,c)} in D. Similarly, U3 = {deleteq(c,c)} is a partial repair that fixes the violation of
the violation of {~ g(c,c)} in D.

Sadly, partial repairs may cause new violationshasvn in Example 8.

Example 8.
Consider again Example 7. As opposetUtoandU2, U3 causes a new violation- p(c, b, c), ~q(c,c)

is satisfied iD but not inDY3. Thus, the partial repas4 = {deleteqg(c, c), deletep(c, b, c)} is needed to
eliminate the violation ofg(c,c) in D without causing any violation that did not exigtfdre executing
the partial repair.

Definition 6, below, generalizes the definition mdrtial repairs by requiring that each repair nulest
crease the measured amount of quality violation.

Definition 6. (Repail)
Let D be a databas€ a quality theory such th&@(Q) = false,v an inconsistency metric aridl an up-
date.

a) U is said tgpreserve qualityvrt. v if v(DU, Q) <= v(D,Q) holds.

b) For each proper subsgbf CaqQ) such thaD(S) = faIseandDU(S) =true, U is called gpartial re-
pair of (D, Q).

¢) U is called a-based repaiof (D, Q) if v(DU,Q) < v(D,Q) holds. If, additionally,DU(Q) = false,
U is also called a-based patctof (D, Q). Else, ifDU(Q) =true, U is called atotal repair of (D, Q).
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Definition 6c could be slightly modified by replacinDU(Q) =false andDU(Q) =true by o< v(D,Q)
andv(D, Q) = o, respectively. For eachin {z, |1|, {, |{], x, |x[}, that replacement yields a definition that
is equivalent to Definition 6. Moreover, it is easyshow the following result.

Theorem 5.
For each paird, Q) and eachv in {, |z], {, |{]}, eachv-based patch of, Q) is a partial repair oflf, Q).

Note that the converse of Theorem 5 does not lealdeen in Example 8. Theorem 5 also does not hold
for v in {x, |x|}, since the violation of some ca€emay haven causesn >0, in some databad$®, and a

repairU may just eliminate one of the causes that vidat&hen, forv in {x, |«|}, v(DU,Q) < v(D,Q),
i.e., U is av-based patch but not a partial repair &f, @), sincevioCas(DQ) = vioCas(DU,Q), hence
D(S = DY(9 = false.

In the literature, repairs usually are requiredbéototal and, in some sense, minimal. Mostly, stibse
minimality is opted for. Definition 6 does not inve any notion of minimality, although each repiair
Example 7 is subset-minimal.

Unpleasant side effects of repairs suchiJgdscan be avoided by checking if a given partial regaa
patch with any convenient metric-based method,xpsessed in the following result. It follows from
Definitions 5 and 6.

Theorem 6.
For eachD, Q), each partial repald of (D, Q), each metrie and each-based methoi, U is av-based
patch ifM(D, Q,U) = ok.

4.2.2 Computing Repairs
Quality repairs can be computed by off-the-shelpéate methods, defined as follows.

Definition 7.
An update method is an algorithm that, for eaclallteD and each update requé&tcomputes candi-

date updatedl1, ...,Un (n=0) such thaDUi(R) =true (1<i<n). For a metrioy, an update methddM is
quality-preservingwrt. v if eachUij computed byJM preserves quality wrt.

Quality-preserving update methods can be used itgpute patches and repairs wrt. any meitias
shown in [7] for the special case o={. Theorem 7 below generalizes that result.

Several update methods in the literature work io pmases. First, they compute a candidate ugdate

such tha1DU(R) = true. Then, they check) for consistency preservation by some TCC methiothalt
check is positivel is accepted. Elsé] is rejected and another candidate update, ifiarmpmputed and
checked. Hence, Theorem 7, below, follows from Dign 7 and Theorem 6.

Theorem 7.

For each metrie, each update method that usdsased ITQC to check its computed candidate updates
is quality-preserving wrt..
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Example 9 shows what can go wrong if an update odktiat is not quality-preserving is used.

Example 9.

Let D ={q(X) « r(x),s(X); p(aa}, Q={< pxx); < p@y),qy)} and R the view update request to
insertq(a). To satisfyR, most update methods compute= {insertr(a); inserts(a)} as a candidate up-
date. To check iU preserves quality, most methods compute the dicgtion — p(a, a) of the second
constraint inQ. For avoiding a possibly expensive disk accesWaituating the simplified case p(a,

a) of « p(a,y), ay), TCC methods that are not inconsistency-tolenaay use the invalid premise that
D(Q) =true, by reasoning as follows. The constrainp(x,x) in Q is not affected by and subsumes

~ p(a,a). Hence,Q remains satisfied idY. Thus, such methods wrongly conclude tbapreserves
quality, since the case p(a,y), q(y) is satisfied irD but violated inDV. By contrast, each ITQC method
rejectsU, so thatU' = U u {deletep(a,a)} can be computed for satisfyirigy Clearly,U’' preserves quality,
and even removes the violated cas@(a, a).

The following example illustrates a general apphoathow patches and total repairs can be computed
by update methods off the shelve.

Example 10.

Let S={~ B1,..., « Bn} (n=0) be a set of cases of constraints in a qualégyQ of a databasb. A
quality-preserving repair o), S (which is total ifS=Q) can be computed by each quality-preserving
update method, simply by running the update requegiS where the distinguished predicat®S be
defined by then clausesvioS — Bi (1<i<n).

So far, we have said nothing about computing antficnthat may be used in quality-preserving update
methods. In fact, computing metrics {:|, ; ||} corresponds to the cost of searching SLDNF trees
rooted at constraint denials, which can be excgdyicostly. The same correspondence holds for com-
putingx and k| in databases and quality theories without negatidhe body of clauses. If negation may

occur, the cost can even be higher. Fortunatedgetmetrics may not need to be computed explicitly.

Instead of computing(D, Q) andv(DU, Q) entirely, it suffices to compute a superset apjpnation of

the incremento(v(D, Q), v(DU, Q)), as many TCC methods do, for={. As attested by such methods,
approximating the increment of inconsistency insemutive states is significantly less costly thheok-
ing the inconsistency of entire databases. Moredeetwo quality-preserving partial repair candiela
U, U' of QinD, U is preferable toU' if s(w(D,Q), v(DY', Q)) < s(v(D, Q), v(DY, Q)), since U
eliminates more damaged quality fr@rthanU'.

5 Quality Management for Concurrent Transactions

Standard concurrency theory guarantees the pregervaf quality only if each transaction, when
executed in isolation, translates a consistene dt&tb a consistent successor state. More pregiaely
well-known standard result of concurrency theoryssthat, in a historyH of concurrently executed
transactionsTl, ..., Tn, eachTi preserves integrity ifTi preserves integrity when executed non-
concurrently and iH is serializable i.e., the effects of the transactionHrare equivalent to the effects
of a serial execution ofTl, ..., Tn} [3]. For convenience, let us capture this resytthe following
schematic rule:

isolated integrity+ serializability = concurrent integrity *
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Now, if quality impairment corresponds to integrijolation, and each transaction is supposed to
operate on a consistent input state, then (*) dmtguarantee that concurrently executed transatio

on possibly inconsistent data would preserve quadiven if they would not decrease quality when
executed in isolation and the history of their emem was serializable.

Fortunately, however, the approaches and resulBeation 3 straightforwardly generalize to concuitrre
transactions without any effort, as shown for irgietency-tolerant integrity checking in [8], whiéh
based on the metri¢

Theorem 8 below adapts Theorem 3 in [8] to metdsdal ITQC in general. It asserts that a transagtion
in a historyH of concurrently executing transactions does notekse quality iH is serializable and T
preserves quality whenever it is executed in igmatOn one hand, Theorem 8 weakens Theorem 3 [8]
by assumingstrict two-phase locking(abbr. S2PL) [3], rather than abstracting awaymfrany
implementation of serializability. On the other Haffheorem 8 generalizes Theorem 3 [8] by using an
arbitrary inconsistency metrie, rather than the metri¢, as mentioned above. A full-fledged
generalization that would not assume any partictgatization of serializability is possible alonget
lines of [8], but would be out of proportion in shpaper.

Theorem 8
Let H be a S2PL history; an inconsistency metric arida transaction iH that uses a-based ITQC
method for checking the integrity preservation tsfwrite operations. Further, |8t be the committed

state at whicll begins inH, andDT the committed state at whidhends inH. Then,v(DT, Q) < v(D,
Q).

The essential difference between (*) and Theoramtiat the latter is inconsistency-tolerant, therfer

is not. Thus, as opposed to (*), Theorem 8 idezdifiseful sufficient conditions for quality pression

in the presence of damaged data. Another importhfference is that the guarantees of quality
preservation that (*) can make for T require thiegnity preservation of all other transactions timaty
happen to be executed concurrently WithAs opposed to that, Theorem 8 does away wittsthedard
premise of (*) that all transactions lith must preserve integrity in isolation; onlyitself is required to
have that property. Thus, the guarantees that €he8rcan make for individual transactiohare much
better than those of (*).

To outline a proof of Theorem 8, we distinguish tteses thal either terminates by aborting or by
committing its write operations. If aborts, then Theorem 8 holds vacuously, sincedddinition, no
aborted transaction could have any effect whatsomveany committed state. So, we can supposeTthat
commits. LetM be thev-based method used By andWT be the write set ofT, i.e., WT is an update

U such thaDT = DY. Hence, sincd commits, it follows thatM(D, Q, WT) = true, since otherwise,
the writes ofT would violate integrity and thu would abort. Sincéd is S2PL, it follows that there is

an equivalent serializatidd' of H that preserves the order of committed states. imhus,D andDT are
also the committed states at beginning and eAdiniH'. Hence, Theorem 8 follows frorvi(D, Q, WT)
=true and Definition 2, sincél' is serial, i.e., non-concurrent.

It follows from Theorem 7 that, similar to ITQC sal quality repairing generalizes to S2PL conculyenc
if realized as described in 3.2, i.e., if ITQC #&ed to check candidate repairs for integrity pnestén.

6 CONCLUSION
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Although quality is not synonymous to consisteneg, have observed that constraints are expressive
enough to model conditions that correspond to tedaality requirements in databases. To quantiéy t
amount of constrain violations thus correspond &asuring an amount of quality damage. We have
elaborated an axiomatization of metrics for quamtd that lack of quality. As opposed to inconsiste
measures in the literature, our metrics are appkcalso in databases with non-monotonic negation.
Moreover, as opposed to common standards, ourarggaces are not necessarily numerical; rather, any
partial ordering is acceptable, in general. Therimapaces provided by sets of violations of caists,

or of instances of constraints, or of the causesioh violations, are special instances of our gemen-

cept of inconsistency metrics. Metrics that rangersuch spaces allow to check and accept eactiaupda
if it does not increase the measured lack of quditmilarly, each repair is acceptable if it deses the
measured inconsistency. Since quality is not arpipeoperty such as the satisfaction or violatibcan-
straints, but may be compromised to varying degréesinconsistency tolerance of metric-based con-
straint checking and repairing is particularly veete for quality maintenance. Future work includess t
use of metric-based quality maintenance in regitatatabases, and the use of inconsistency méirics
providing quality answers to queries in databases.

ACKNOWLEDGEMENT
The author has been supported by FEDER and the Tigahts TIN2009-14460-C03, TIN2010-17139.

REFERENCES

[1] Abiteboul, S., Hull, R., Vianu, V.: Foundatisof Databases. Addison-Wesley, 1995.

[2] Bauer, H.: M&- und Integrationstheorie2edition. De Gruyter, 1992.

[3] Bernstein, P., Hadzilacos, V., Goodman, N.:n@Qarency Control and Recovery in Database
Systems. Addison-Wesley, 1987.

[4] Ceri, S., G. Gottlob, G.,, Tanca, L.: What yalways wanted to know about Datalog (and never
dared to ask). TKDE 1(1):146-166, 1989.

[5] Clark, K.: Negation as Failure. In H. Gallgitk Minker (eds): Logic and Data Bases, pp. 293{32
Plenum Press, 1978.

[6] Decker, H., Martinenghi, D: Modeling, Measugiand Monitoring the Quality ahformation.Proc.
28th ER Workshops, Workshop QOIS, edited by I. Coivhattiau and B. Thalheim, Springer
LNCS vol. 5833, pp. 212-221, 2009.

[7]1 Decker, H, Martinenghi, D.: Inconsistency-t@at Integrity Checking. IEEE TKDE 23(2):218-234,
2011.

[8] Decker, H., Mufioz-Escoi, F.: Revisiting andploving a Result on Integrity Preservation by
Concurrent Transactions. Proc. OTM Workshops. $erii.NCS vol. 6428, pp. 297-306, 2010.

[91 Decker, H.: Causes of the Violation of IntégriConstraints for Supporting the Quality of
Databases. Proceedings 9th ICCSA, Part \inggr LNCS vol. 6786, pp. 283-292, 2011.

[10] Enderton, H.: A Mathematical Introductionliogic, 2" edition. Academic Press, 2001.

[11] Hunter, A., Konieczny, S.: Approaches to Idedng Inconsistent Information. In L. Bertossiagt
(editors), Inconsistency Tolerance. Springer LN@$ 3300, pp. 191-236, 2005.

150



ICIQ 2012, the 17th International Conference oroinfation Quality

INTRODUCING DATA AND INFORMATION QUALITY
PRINCIPLES IN TODAY’'S COLLEGE CURRICULUM VIA AN
INTRODUCTORY PROBABILITY AND STATISTICS COURSE

(Research-in-Progress)

William Rybolt
Babason College
rybolt@babson.edu

Leo Pipino
University of Massachusetts Lowell
leo_pipino@uml.edu

Abstract: This paper suggests a method of introducing skeyeconcepts associated with data quality into the
college curriculum, specifically, into the undemwate introduction to probability and statisticaise. The em-
phasis is not primarily to educate the studenth@n to solve the problems of poor data qualityhes, it is to
sensitize the students to the importance of da#dityuto data quality issues and to make studantgre that data
quality is a variable associated with any data $&it all data sets are of good quality, and onstrbe sensitive to
the problems caused by data of poor quality anknosviedgeable about some of the factors and roastesthat
lead to poor data quality.

Keywords: Data and Information Quality, Root Causes, StastData Cleansing, 1Q Curriculum

INTRODUCTION AND BACKGROUND

The importance of data and information of qualgyacknowledged in all disciplines from the natural
sciences to business and the social sciences. Fptewching and sensitizing students to the pples

of data quality and developing awareness of theomapce of data quality, however, has proven diffic

to initiate and sustain. There has been some diEmu# the academic literature on how and wheie th
might be accomplished (Kahlil et al. 1999, Lee le2807). One observes few implementations of data
quality courses and data quality curriculum. Anragée of an exception is the Information Quality
Graduate Program at the University of Arkansadd.iRock. This situation should not be unexpected
given the competition for space in a constrainedicuium. There is always more that should be taugh
and tradeoffs must be made. This, of course, iarmpbblem solely confronted by the data qualigcdi
pline. It is a problem continuously confronted asrdisciplines.

An analogous situation exists in business and gwrental organizations. Everyone pays homage to the
need for data and information quality but, typigallubstantive resource support is limited. To@roft
only when a crisis attributable to poor informatimecurs does management begin to support initigtive
And these sometimes are short lived.

There is an explicit assumption motivating thisgmsal. In general, there is not going to be a datdi-

ty course that will be taken by a large numberalfege students. The best hope is to find one arem
existing courses that can benefit from the inclngb data quality concepts. The question addressed
this research-in-progress paper is how we mighodhice data quality principles in courses that woul
make the students aware of the importance of daaditg and also permanently sensitize them to these
principles. The hope is that the student will cahgse notions and ideas forward. This added pefsp
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tive will be manifested both in their future deoiss when using data and their future decisionsrdéug
the support of data quality initiatives.

Our focus in this paper is on the introductory seuin probability and statistics. Our suggest®that a
number of data quality concepts can be introducesuch a course and be of benefit. Perhaps, other
introductory courses, such as the introduction t8 kburse can also be a vehicle to promote theciprin
ples of data quality. Although some data qualiymaepts may be more easily introduced in such a
course, our main focus is the introductory probgb#énd statistics course for students in a Scludol
Management or College of Business. Of course ppraach could be used in any basic probability and
statistics course.

This paper and its paradigms for introducing datality into the college curriculum can best be unde
stood in the context in which they evolved. Thigiorwas a desire to find a simple classroom esertd

be used on the first day of an applied introductmmprobability and statistics course. The assigmim
required students to work in groups of three tareste the average SAT scores of a group of fiveitho
sand students and to complete the task in twentyites. This required the students to take a sample
from the population, enter the values into Minitabtheir laptops, and calculate the average. duire

a modicum of thought some of the values, 0 and 80@@le no sense since SAT scores range from 200
to 800. It was assumed that students would re#tizethese values should not be included in thes-av
age. Instead many students simply included theemalous values in their averages. When discussing
the exercise, the need to examine the qualityefitita before using it to make decisions was meedio

A similar question was included on the first exaation with the expectation that all students woyed

it correct. This was not the case. From this, wwlthe realization of the need for introducingadamali-

ty concepts into the course and the opportunitiessgresented.

Unfortunately, all of the data sets included inititeoductory text books are perfect. The topiclefans-
ing data is never mentioned. Students are noepted with dirty data sets that require cleansiSu-
dents are implicitly led to believe that all daédissare perfect. The concept of data cleansinmtisnen-
tioned in introductory statistics courses. Thigspecially puzzling in that it has been reportgadniany
authors and practitioners that a majority of arialtine is allocated to cleansing, preparing, arghoiz-
ing data for processing rather than conductingyaisl

In an introduction to probability and statisticzicee students are usually exposed to methods dhadbe
used to ensure that the sample is a random sanilerough sampling techniques affect the quality of
the data, students are not exposed to data setsich the poor choice of sampling techniques aff¢ioe
quality of the data and hence the quality of theiglens that result from using the statistical t@ghes
presented in the course.

In a similar manner, students are exposed briefthé types of errors that can occur when takisgra-

ple from a larger population. These errors are @& measurement, non-response, and sampling er-
rors. Virtually the entire focus of the cours@issampling errors and how to use statistical teghes to
calculate and understand the implications of tmemiag errors. None of the data sets in the baoks

tain the examples of the other three types of srror

The unintended lesson that students are learnithgiighe secret to understanding any data isibdnd

use the right statistical tools. The closest thattextbooks come to speaking about data qualityhien
they discuss the influence of extreme points orctiiteria that data sets must meet for the usepafrtic-
ulate statistical technique. For example, we até that in order for linear regression to be vdtié
residuals must be independent, be normally digehuand have equal variance. The implicit assump-
tion is that if the residuals meet this criteridhiga well. The fact remains that given data ssftpoor
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quality; no amount of statistical analysis will uéisin better decisions than would be made if datis of
higher and better quality were used.

We believe that this neglect of the issue of daitality is a short sighted approach and it is in ltlest
interest of both the data quality and the staa$ttommunity to begin to introduce data quality cepts
into introductory probability and statistics cowsseAccordingly, this paper suggests a seriesrmpls
steps that can be incorporated into statisticatsesithat can begin to expose students to datatyqual
issues and some of their root causes.

To do this and to systematize the approach, we blhwsen to make use of the set of root causestaf da
quality first enumerated by Strong et al. (19979 7b) and further elaborated in Lee et al. (2006)s

is not the only approach or framework that can depted, but it serves our purposes in that (1)yot p
vides a guide for developing future data sets,it(® useful to classify student errors (percepi@md
misperceptions of quality of the data) in data tias been collected over the past five or six yesard

(3) itis anchored in the data quality literature.

Recall that the 10 root causes enunciated in theeatvorks were:
1. Multiple Data Sources
2. Subjective Judgment in Data Production
3. Limited Computing Resources
4. Security Accessibility Trade-off
5. Coded Data across Disciplines
6. Complex Data Representations
7. Volume of Data
8. Input Rules Too Restrictive or Bypassed
9. Changing Data Needs
10. Distributed Heterogeneous Systems

The key idea is to construct a series of simplea@ses that could be incorporated into a probabditd
statistics course such that each exercise wouldtilite one or more of the ten root conditions. eivh
doing these exercises, students would be impliG#yning that data quality needs considerationiand
would become part of their thinking process. Theice of a particular classification scheme is seeo
ary to the need to expose students to data lackiggality.

A realistic expectation is that an instructor mighfirst find time to incorporate one or two suetercis-

es into his or her curriculum. As instructors camappreciate the negative implications of onlgfual-

ing data sets of perfect quality into their teaghémd the disservice this is to the students, Wikyegin

to address the data quality issue more openly.

We recognize that the concept of introducing datality principles in advanced courses is desirable,
should be explored, and will be developed. Furtiverrecognize that more advanced problems and cases
will be necessary in these advanced courses. Atstastep in this early research-in-progress, hawrev
we exploit the course that we consider will offee feast resistance to implementing the introdactib
data quality principles. Later in the paper we fyiaddress the topic of more advance courses.

In the sections that follow we describe what weehdene and how our approach has evolved over the
last few years. We discuss each of the 10 rootasaunsthe context of our proposal. Since this seagch

in progress, we only present details associated avdubset of the ten root causes above. The meprai

of the root causes are mentioned at a conceptall le

THE SUGGESTED APPROACH
Each semester in our introduction to probabilitd atatistics course, we construct a data surveeof
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haps 40 items which we ask the students to takee students identify themselves when they take the
survey so that they can be given credit for pgréition. Their names and any responses that wdetld i
tify a specific individual are removed before adam sample is taken.

Initially, this was intended to obtain real datasst® which students could relate and which wowd b
used in the course. After data collection, we avtied to cleanse the data set to reduce obviates d
quality errors to produce a data set with no datlity issues.

It became increasingly apparent that retainingelegsors in the data sets would be useful in inipguto
the students how poor quality data can affectstiedil results and lead to adverse decisions; thrse
cises could be used to impart some of the basiciptes of data quality and permanently sensitiee t
students to the importance of data quality. TlEsspective was reinforced by the observation, pdint
out earlier, that the data sets in introductorytiesks were almost always flawless data sets.

As an aside, we mention that the proposal thaktimperfect or dirty data sets should be used ar th
clean data sets should be corrupted for use hasrheewith resistance from many instructors. Wk wi
not delve into this debate in this paper. Forrtftanent, however, we point out the observations nirade
Lang's article "The Benefit of Making It Harderltearn" (Lang 2012) which cites sources that aghait
"making material harder to learn" can "improve ldgagm learning and retention."”

Multiple Data Sources

Using data obtained in over five years of surveyse way to illustrate the effects of multiple data
sources is as follows. Ask the students to comffedneights of male and female students from gipre
ous year with the present. The students are gicenss to the questions used in any given yeathend
information on how the data was coded. A simplancfe in the data sets would be to code the females
as 1 and the males as 2 in 2008, but to changedlas to code females as 2 and the males asOlLth 2
This is of course the key point: we want studeathink. We do not want them to assume that dH t&a
coded in exactly the same manner so that theyngéeihabit of doing analysis without thinking.

Now suppose you are illustrating the concept dfaight forward hypothesis test: is there a diffein
heights between female students in 2008 and 20h@ aswo sample t-test. Using the two data sets, y
would obtain the following results: the 95% Confide Interval for the difference is (-7.09, -2.58)d
the value of the test statistic t is -4.32 with-egtue of 0.000.

Without thinking students would conclude that thereevidence that the average height of females in
2010 was obviously different from the average heigl2008. Most students are not sensitive todidia
quality issues associated with multiple data sa@ircEhey do not question the underlying data, asc
consequence, would conclude that females had gsaymificantly taller in just two years. Or theyght
conclude that there was a change in the popul&tion which the female students were coming. Unfor-
tunately, experience shows that not all studergssensitive to the nonsensical conclusion and gimpl
report the result that females are growing talldére goal would be to make the student realize tthiat
made no sense. By seeking to learn the causésdttange result, they would be made more sepdibiv
the data quality issues caused by multiple datecesu

Also, it is important that the results be presentisdally. A Box plot of this data is given in Figul.
The Boxplot makes the strange conclusion much rmbwéous. This reinforces the value of visual tools
for understanding data and the implications ofahalysis.
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A key to making this example work is that we arengsdata with which the students have experience.
Studentsif they think about jthave a basic understanding of the height of femahd should be suspi-
cious of the data. In contrast, if the variableevgomething like the time per day spent emailingn no
one would bother to challenge the quality of theada use. It would make perfect sense that fesiale
2010 spend more time emailing than in 2008. Thiae of variable is in effect a form of an error-c
recting code.

The marginal time to introduce this data qualityh@ept into a traditional course is quite minimal,
perhaps minutes not hours. We believe that thesiexample of how a minor change can dramatically
improve the educational value of this exercise.e €Rercise needs to be structured so that therggide
realize, on a common sense level, that the remadtse no sense. This ultimately leads to an examima

of the nature of the data underlying the analysis.

Subjective Judgment in Data Production

A number of the questions on our data collectiowesyiask the students to estimate the amount @& tim
they spend in various activities. How many hourslegp did you get last night? During the previous
semester, how many hours per week did you avernagang television? During the previous semester,
how many hours per week did you average studyingjaeiof class? How many minutes per day do you
spend surfing the Web, reading on the Web, sendingil, interaction on Facebook, Twitter and the
like? We intentionally used two sets of units teasure the amount of time spent in different aotivi
Sleep is measured in hours per day and studyimgeasured in hours per week.

In the statistics course, then, a typical questioght be how does the amount of time spent studying
compare with the amount of time spent sleeping® typical student will be focused on what type of
statistical test to run before deciding that a guit-test was needed. They would typically be mise
significance level of 0.05. After doing the anadyshey would report for one of our datasets that
difference was 5.36, the t-value was 5.41, andptielue was 0.000. They would then conclude that
there was evidence that students spend more tingyisy than sleeping. They would judge that this
made sense before hurrying to the next questidhss is not to minimize the importance of choosing
correct statistical test. It is, however, importtrdt the proper statistical test be applied ta daat is fit

for use for the test.

After we correct for the different units, we fintudent spend about 49 hours per week sleeping &nd 1
hours per week studying outside of class. If ygangine the data sets found in common text books you
would find that for this type of question therenis need to think about the units or converting frame

set of units to another before do a statisticalyasigm

The subjective judgment in data production entersdata survey in a more fundamental way. What if
we compare the total amount of time students sperdl communication and media actives with their
time spent sleeping? The obvious approach wouldob&dd email, web surfing, Facebook, Twitter,
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television, and the like. Is it correct to add timees for the different activities to arrive aettotal time?
Students tend to multitask and do several acts/diethe same time. A problem may occur depenaling
how the total time was obtained. If one group ikedsto estimate the total time as one number and
another group is asked to estimate separate tiomezath activity, which are then added to obtatalto
time, then the two total times may not be valid farrposes of comparison. Thus, the subjective
judgments associated with the data color its qualitd the validity of any conclusions.

Limited Computing Resources

Thus far we have presented several examples ofshushents might be exposed to data that is less than
perfect. In this section we will show that datalify concepts can be used by instructors in thgosjte
sense. We illustrate how instruction can benefitrbproving the data quality associated with instru
tion. Instead of mentioning how limitations in cputing resources can inhibit data quality, we foons

the how the improvements in computing resourcesbeansed to improve education by focusing on im-
proving data quality.

Within this category, we examine the informatiorality of the presentation and not the data itsallt-
hough computer resources are limited, they aréefar limited than in the past. It is useful tok@d the
implications of the vast increases in speed, acguistorage capacity during the last seventy ye&s.
technology evolves, the representation, implememtaand presentation of the algorithms and para-
digms for manipulation data also need to evolvee &&n speak of the information quality of algorithm
and paradigms. The ideal is to choose the algosithrmd paradigms that have the highest information
quality at a given point in time in the contextadailable technology. The key is to expose stuslemt
the highest quality paradigms while making them enaware of the quality of the data they are analyz-

ing.

Consider the specific example of the algorithmsduise calculate the slope of a straight line passing
through a set of n values and how it is treatea smatistics course. In the table below (Tablarg)three
different equations for calculating the slope of thest fit line through those points. All three anath-
ematically equivalent. There are, however, subtieitnportant differences when used in an introdrycto
course. The first, the conceptual formula, is usegresent the idea, while the second and thiedar

nor variations of computational formulae used bfedént authors.

The virtue of the computational formulae is thatytiequire only a single pass through the dataltue

late the sums which can then be combined usingdh®putational formulae. This results in faster eom
putation and more accurate results. The concefdualula requires two passes through the data. The
first pass calculates the mean values of x anai¢,the second pass calculates sums that are timen co
bined using the conceptual formula.

With the transition from single to double precisemithmetic and from reading data from paper tap® a
punch cards to accessing data in high speed RAMangmomputational considerations are not as criti-
cal as in the past. Since the computational foaeylield no advantage in today’s technological envi
ronment for typical datasets, they should play@le in the delivery of today’s courses. This isetiof
many other formulae found in textbooks. Ultimatéhe question becomes “which representation has the
highest information quality according to empiriesidence?” That is the one which should be used fo
instruction. For practical reasons one would match to achieve only minor improvements in quality

We have done several exploratory experiments inirdusductory quantitative courses; one experiment

used calculators, another Excel, and the third tdini In each case students were randomly assigned
one of two groups. Each group had the tasks clogl the slope of the line through a small data se
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One group used the conceptual formula and the etltemputational formula. Surprisingly the concep-
tual group, in general, had a higher percentagmokct results. The times for the two groupsedéti

by less than a minute. Although, there was noengé that the computational formulae were bettam th
then conceptual formula (Forthcoming, 2012).

The conclusion is that there are absolutely noamsso introduce the computational formulae inte th
course. Eliminating these would reduce the nunatbéormulae the students see and lessen their eonfu
sion about the role of the different formulae. hdligh we used slope as an example, we believe these
same conclusions hold for many other formulae. aieundertaking an expanded study for future publi-
cation. Data quality should be applied to instrmeal algorithms and paradigms as well as conveation
data sets.

Slope Source
Zx—Dy—-7 Conceptual
T (x—x)? (Berenson)
& xy)—(Ex)(Zy)/n Computational
(Zx%)-Ex)*/mn (Anderson)
nXxy) - 22 Computational
n0 x2 — Ol (Hughes)

Table 1. Comparison of Conceptual and ComputationalFormulae

Security/Accessibility Trade-off

When designing and collecting data there is a tHidetween accessibility and restricting accesthéo
target audience and the information collected ta@reptable range of values. We allowed anyone who
knew the URL to take our surveys, but required thay identify themselves. Our problem was how to
treat multiple responses by the same person. Wealwassroom exercise in which treating the migltip
responses differently led to different answersuesgions raised. Do you include all responsese nibre
first, the last, or an average of the multiple mrsges?

Exercises of this type make students sensitivaitissue. While it is tempting to restrict thergrpro-
cess to only one entry, this may result in pastiabmpleted forms. To counter this one may reqihes

the survey be completed before submission. Thig leed to thoughtless entries in some of the ques-
tions. Attempts to restrict the entries to reabdmaalues make sense, but this may lead to fitistra
when attempting to enter information for unusutdiaions. Since incomplete forms cannot be submit-
ted, the students quits and no information is cbdle.

We believe that it is of value to have data setstfiodent use that make explicit these types okiss An
examination of these issues can be a minor compafi@imost any data set. For example after weehav
collected about 150 survey responses, we speng ardsd cleaning the data to make it appropriate fo
class room use. As we cleanse the data, we aboigin of the data quality issues discussed irptper

to remain. This provides a data set what we beltevbe more valuable than a perfect one with ria da
quality issues.

Coded Data across Disciplines
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The supply and demand curves in economics are amm@g of where the data is coded and presented
very differently. Economists place the price oe tertical axis and the quantity on the horizoatés,
whereas mathematicians tend to place price on thizdmtal axis and quantity on the vertical axis.
When given a set of data and a graph in one diseipstudents are often confused as to how tolatns
the data into the representation common in theradtsgipline. This is especially true when thepdra

are labeled with x and y with the meaning of x giritbfined in text describing the problems.

We have discovered that students often do notttakéime to read the details. They have a propetei
skim the information and assume that they are gesactly the information they need to solve thebpro
lem no more and no less. The assumption is tleenmEtion is structured in exactly the optimum way s
as to solve the problem. These habits becauseusbwhen we started inserting phrases like “if you
read this draw a circle around .. “ or “draw a laogund ...”. It was surprising how many studenttethi

to follow these instructions. When one of the stud was asked why, “He said when he was studying
for the SAT exams, they were told to ignore thdrimdions.” A simple exercise might be to give the
students the same data presented differently. sdudsion of their results can then be used to explo
this issue.

As a specific example, the convention in the USAusing a period to denote the decimal point and
commas to group digits into multiples of a thousendot universal. These conventions are reveirsed
many countries of the world. Similarly “month/dggéar’ becomes “day/month year” in other parts ef th
world. A good example of a data set designed tsitize students to this issue would be finanaah r
ords. The data set should contain hypotheticanfial information for companies in different paofs
the world. Before students did a naive analyhis,goal would be to have the students aware oflifhe
ferent standards and the need to convert to a comepresentation before doing the comparison.- Fail
ing to do so would alert the students to the neednderstand that the conventions for data reptasen
tions are not universal and care must be useddeeas this data quality issue before using tha ohat
the decision making process.

Complex Data Representations

A good example of the problems presented by comgla representations is exhibited by questions
which require students to enter text. Text isiclift to classify and process. It typically reqggrhuman
intervention to translate into a canonical représt@on. Examples include: favorite television skpw
your goals for the course, interesting facts alyoutself. This is an area which we are beginnmgx-
plore.

Volume of Data

There is a vast amount of data available for amalyslistorically statistical analysis grew up in ara
where the collection of data was very resourcensite. Thus, the need for techniques to collent-sa
ples which were faithful random representationghaf underlying population. Today the situation is
almost the opposite. It is common to collect dsgés so large that there are difficulties in commun
cating, storing and analyzing that information.r Egample some weather satellites produce moredhan
terabyte of data every day, day after day. litesdlly necessary to buy a new hard disk everyjdsito
store the data.

The RITA, Research and Innovative Technology Adstiation of the Bureau of the Bureau of Trans-
portation Statistics has a web site containingidérlOn-Time Statistics available from January 1995
through April 2012 for all domestic scheduled-seevfor US air carriers that have at least 1 peroént
the passenger revenue. Information available dedwleparture and arrival statistics (scheduledrdep
ture time, actual departure time, scheduled eldipse, departure delay, wheels-off time and taxi-out
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time) by airport and airline; airborne time, camatbdn and diversion by airport and airline. Howgv
we are warned “Due to the large amount of dateetedarched, time period should be limited to a maxi
mum total of 31 days for any combination of Monfrgte and Year.” (RITA, Research and Innovative
Technology Administration, 2012)

Our computer and communication resources limit ahility to make full use of freely available infor-
mation. This implies that the quality of the data use for the analysis may not be representafitteeo
totality of the data even if the underlying datpésfect. To use this in a course to illustrateithplica-
tions of vast amount of data we suggest givingsgigament using the RITA data. The point would be
that the problem could not be solved because ositee of the data that would be needed to do a com-
plete solution involving the population. The s@uatwould of course be to take an appropriate sampl
from the data. This brings us full circle to tleason that statistical methods were developedeirirtst
place. Originally, it was too complicated and raseuntensive to acquire all the data. Now ibig easy

to acquire all the data so we need to use samf@ingduce the amount of data we are dealing with.

Input Rules Too Restrictive or Bypassed

When constructing an instrument to collect daterehs a tradeoff between restricting the valudsred
according to certain well defined rules, and alloyvivhat might appear to be completely unreasonable
values. As an example, we once had a questionnhamy computers do you have in your dorm room.
The idea was to learn if students had both a laptap a desktop computer in their rooms or only the
laptops issued by the school. The temptation watigmiss an answer of seven and code it as missing
Discussion with the student revealed, he was rynaiserver farm in his dorm as a business and seven
was a valid response. Unusual values can prowaigedsting insights.

The way we recommend to address this issue, isighreariables such as the SAT scores that are used
as part of the college admission process in the .UBMAen students enter their SAT scores in a survey
we do not restrict the values to the actual rarf@96 to 800. As a group exercise for an exam tpes

the students are given data sets with values wdliade of this range, for example zero and eigbuth
sand. Whenever they are asked to calculate the ®&& score, it is quite common for students to-sim
plify average all the data and report the resilen after we had a classroom exercise and explairee
need to code these values as missing data beforg doy further, we still find that students willake

the same error on exams. Because of their experieith the textbook, they assume all data is vatid

do not consider that there may be quality issuéis thie data.

Other variables we have used this approach witludec desired temperature, weight of airline luggag
on the last trip, height of student, and heighpafent. While most students enter values assuomiitg

of Fahrenheit, pounds, and inches; others use Belkilograms, and centimeters. Again, given a dat
set with mixed units students do not take the tionghink about quality of data issues, they singaicu-
late with all the numbers. When the mixed unitsfar apart, it is eventually easy to separateséthges
and correct for the disparity in units. For exaepteal temperatures fall into two groups clustere
around 20 and 68, and it is easy for students émtenally spot the disparity by using a histografis
technique does not work well for the airline baggggestion, but does work for height.

Changing data needs

When we first started, a number of years ago, ctifig data from the students to use in the couhsze
was no Facebook, Twitter, or blogging. Originallg assumed that students were either surfing tte we
or using email. During recent semesters we hade@duestions about these three activities, bulidie
not catch their emergence as quickly as we woule tike. An analysis of our longitudinal data woul
thus give a misleading history of their developmend make issues such as this more obvious onbtmig
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pose the question “how has as the student useedhtlrnet changed over the last five years?”tuf s
dents are given only the usage times for emailsamfing the web they might mistakenly conclude ihat
was being used less. Hopefully the students wadtize that something was missing. The key weéalld
realize that the data sets did not include allvaté variables.

Distributed Heterogeneous Systems

When one moves data from one environment to anaheironment, unexpected changes may take
place. Table 2 below illustrates some of the dififees that may take place when the same textiglata
entered into an Excel spreadsheet. Someone wiai svare of these possibilities and does not densi
the quality of the data will encounter some stramggeilts. As an exercise, students might be givext

file containing a column of values representingfthetion of the time spent on various parts of@jert,

and asked to do a an analysis. If several of #ieeg are fractions, then the types of conversitisis
played in Table 2 may occur. This type of exercesguires a little more thought than the standad p
fect data set exercise. We believe, however, #iges added value at a minor cost of time.

Excel Excel Excel
Text General Number Fraction
3to5 3to5 3to5 3to5
3-5 5-Mar 40973.00 5-Mar
3:5 3:05 0.13 3:05
3/5 5-Mar 40973.00 3/5
35 35 35 8
more than 3| morethan3  more than 3
31/2 3% 3.50 31/2
5/7 7-May 41036.00 5/7
none None none none
34.5 34.5 34.50 34 1/2
0 123020 1/8 123020 1/8 41020 4/9

Table 2. Effect of Formatting on Data in Excel

CONCLUSIONS

The statistical and the data quality communitiesdn® work together to make the concept of data and
information quality part of the topics in the indiection to probability and statistics courses ahbugh
school and college levels. There will be initiakistance since many instructors feel that thezeahr
ready too many topics being covered. The examipléisis paper are designed to show how by making
modest changes in data sets and their productian,quality topics emerge as an intrinsic parthef t
curriculum. Instead of this decreasing the stuslemderstanding of the primary topics, this chanije
enhance their understanding. The analysis andoirtation will become less routine and require enor
thought.

We do not hold the unrealistic belief that all fréciples and issues will be used in a coursee Atpe

is that instructors find at least one or two thegytcan embrace. A reasonable goal is to expatptr-
haps ten percent of the data sets found in thédeks and used in the courses have some type af dat
quality issues. The same goes for exam and honkeproblems. The data qualities issues will likely
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require only minor modifications in the data used @&s presentation. These issues need only be one
part of the problems.

These data quality issues will be most helpfuhéyt are embedded in data sets that the studentecan
late to and have some experience with. When thdtseof ignoring the data quality issues leaditizas
tions that make no sense, then students are faecadk “what happened?” This will not occur if the
data sets involve variables and values that stgdente no feel for.

The next step in our research will be a varianthef capture-tag-release approach used in ecological
studies of animal populations. We will begin wétltlean data set for which the students have ai int
tive feel. Next, we will use a computer progranraondomly modify a small portion of the data set by
using the issues mentioned in this paper. Aftersttudents use the modified data of reduced qualgy

will determine which data quality issues they wabée to find and resolve as part of their analyJikis

will allow us to continue to sensitize studentshie need to be aware of data quality issues.

The important aspect is that students be disabofstha experience that all the data they use Eedfect
quality, and all they need to do is find an appiater statistical technique to solve the problenhe &p-
proach they need to become accustomed to is taBks “Are there quality issues with this datét tinay
impact my analysis and conclusions?”. These isaileseed to be addressed either before or dutirg t
analysis, but definitely before drawing any meafuhgonclusions. Our belief is that not only igsth
possible using the techniques presented in thigmpdyut that this approach will result in a betied
more lively course for both students and instrugtor

The primary focus of this paper was on data and dets and their use in an introductory probabditg
statistics course. If, however, this approach vesttended to other courses, such as an introdubttsy
course as well as advanced courses, the studarits loe further instructed in and sensitized toghie-
ciples and issues of data and information quafityer time this would manifest itself in the student
future decisions regarding data quality issuesdatd quality initiatives.
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Abstract: This paper explores the application of formal rodgh(specifically, model checking) to the fielddzfta
quality. A model expressing the consistency of lardinal data is derived from the domain knowledgais
model is used (1) to automatically verify the catecy of the data stored on a database and @)ttonatically
generate a universal cleanser, i.e. a cleanserhw$ienmarises all the feasible corrections for amd kof
inconsistency which may affect the data (as fathay can be guessed from the formal consistencyethotihe
universal cleanser represents a repository of ctivee interventions useful to develop cleansingtires. We
applied our approach to a real world scenario: renéb verification has been performed on labour readata
evaluating the consistency of people working careEhne results show that the proposed approacimgznove the
data quality evaluation and the development ofrdewy activities.

Key Words: Data Consistency, Data Cleansing, Model Checking.

1 INTRODUCTION AND CONTRIBUTION

The ongoing relations between citizens and pubtimiaistrations generate a lot of data and the
administrative archives store a relevant portia@rebf. Such data can be very valuable for supppttia
decision making processes in several contextsgdesnplementation, and evaluation of active pekci
service design and improvement, etc. Some archieesd also data along time, therefore they can be
considered a source of longitudinal data (alscedaflanel data), i.e. a set of (repeated) obsensatib
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the same subjects along the time. For more detailongitudinal data see [14]. Several studies nepo
that thedata quality of enterprise and public administration databdsegery low, e.g. [12, 2]. The
organisations are getting more and more awareefttmsequences and costs, therefore several plans,
strategies, and actions have been implementedag described in [15Data qualityis a broad concept

(a complete survey can be found in [2]). Here wau$oon theconsistencydimension which refers to the
violation of semantic rules defined over a setathdtems.

In this paper, a data consistency model is bwilinfthe domain knowledge, then a model checker ean b
used for verifying the consistency of longitudimiatta and for generating the possible cleansingragti
An example is provided: the dataset in Tab. 1 shewruise ship travel plan. The ship usually travsi
sea and stops at the port of calls (intermediastirtdgions), making aheckinwhen entering a harbour
and acheckoutwhen exiting. The reader will notice that the déy@ date from Lisbon is missing, since
acheckouts necessary before entering the subsequent hafBarcelona). In this respect, the dataset is
inconsistent.

Eventld ShipID City Date Event Type
€ S01 Venice 12th April 2011 checkin
€ S01 Venice 15st April 2011 checkoul
€3 S01 Lisbon 30th April 2011 checkin
€4 S01 Barceona 5th May 2011 checkin
€5 S01 Barcelone 8nd May 201 checkoul

Table 1: Travel Plan of a Cruise Ship

Data cleansing can be performed in several waygrtieeless when no different (and more trustedd dat
source is available, the only feasible solutiontaisexploit business rules, i.e. to implement clézms
algorithms fixing inconsistencies using domain dedi knowledge. The uncertainty affecting the data
can impact on the aggregate data and on the infanmderived for decision making purposes, therefor
the inconsistencies should be appropriately managed

The comparison among archive contents and realidadéten an unfeasible or very expensive option
(e.g. due to the lack of alternative data sourttescost of collecting the real data, etc.). Ondbetrary
data assessment and cleansing based on businesssrirequently an effective and valuable solution

In this paper we show how longitudinal data comesisy can be modelled and verified through explicit
model checking techniques. Once a model has befamedea model checker can be used for deriving
the set of possible errors and the set of posgibteective actions. These can be exploited: (1) for
verifying the data consistency of real world ar@sivand (2) as a foundation to partially automage th
development of cleansing routines. It is worth ttenthat the approach presented in this paper sound
the effort of consistency checking to the formdima of a suitable consistency model. Then, th& tds
performing the consistency check and the clearsitigities can be automatically executed.

We successfully applied model-checking-based teglda to assess the quality of an administrative
archive.

The paper is organised as follows: in Sec. 2 tletad works are surveyed; in Sec. 3 we shortlyuhice
model checking on finite state systems and how #netiecking can be used for verifying data
consistency; Sec. 4 introduces the concept of thigetsal cleanser and provides an algorithm to
compute it; in Sec. 5 we show some experimentallte®btained working on a big administrative
archive managing labour market information; finalty Sec. 6 we report the conclusions and the éutur
work.
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2 RELATED WORK

Data quality has been addressed in different resedomains including statistics, management, and
computer science as reported in [27, 4]. For the sd clarity, the works surveyed in this secti@vé
been classified into three groups according to (hein) goal pursuedrecord linkage error
localisation and correctionand consistent query answeringhe classification adopted is not strict
since several works could be classified in sevgmalips.

Record linkage (known asobject identificationrecord matchingmerge-purge problejraims to bring
together corresponding records from two or mora datrces or finding duplicates within the same. one
The record linkage problem falls outside the scagethis paper, therefore it is not further
investigated.

Error localisation and correction works can be further classified in: 1) those expigi machine
learning methods and 2) those exploiting data depecies (formalised by domain experts) to detedt an
correct errors. Considering the latter, the effifrtlomain experts is required to formalise rules.

1) Machine learning methodsan be used for error localisation and correctiRwssible techniques and
approaches are: unsupervised learning, statisticathods, data profiling, range and threshold
checking, pattern recognition, clustering methodms [23]. It is well known that these methods can
improve their performance in response to human bfaeks, however the model resulting from the
training phase can't be easily accessed and imtieghby domain experts. In this paper we explore a
different approach where the consistency modelg®apécitly built and validated by domain experts.

2) Dependencies based methofisveral approaches focus on integrity constréamt&gentifying errors,
however they cannot address complex errors or geusronsistencies commonly found in real data
[18, 21].

Other constraint types have been identified in fiterature: multivalued dependencies, embedded
multivalued dependencies, and conditional funcliaiggendencies. Nevertheless, according to Vardi in
[33] there are still semantic constraints that cdrtre described.

In [3] a context-free-grammar based framework igduso specify production rules (e.g., Uniw
University), to reconcile the different represeitas of the same concept. Such approach mainly
focuses on the attribute level, whilst the work sgreted in this paper focuses on set-of-records
consistency.

Works on database repairfocus on finding a consistent amdinimally different database from the
original one, however the authors of [11] statd t@mputational issues affect the algorithms used f
performing minimal-change integrity maintenance.

Deductive databases [25] add logic programmingufeat to relational systems and can be used for
managing consistency constraints. To the best ofkaowledge, few works in the literature focus on
deductive databases and data quality: [29, 19]thEtmore, scalability issues have to be investdjate
when dealing with large sets of data.

In [10] database triggers are derived from dynaotostrains expressed in a time (first-order) logic
variant. However triggers can raise computatiossliés when processing large datasets.

Consistent query answeringworks, e.g. [6], focus on techniques for findingt @onsistent answers

from inconsistent data, i.e. the focus is on aut@rguery modifications and not on fixing the saurc
data. An answer is considered consistent when [teafs in every possible repair of the original
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database. Semantic constraints are expressed fusictipnal dependencies. Basically already with two
Functional Dependencies the problem of computingsident Query Answers involving aggregate
gueries becomes NP-complete [6].

Other works and tools not included in the previous categoriesreow briefly surveyed. The applica-
tion of automata theory for inference purposes desply investigated in [34] in the database domain.
The problem of checking (and repairing) severaédnty constraint types has been analyzed in [1].
Unfortunately most of the approaches adopted cad fe hard computational problems. Formal verifi-
cation techniques were applied to databases, toalbyr prove the termination of triggers [9], fomsis-
tructured data retrieval [24], and to solve quedesemistructured data [17].

Many data cleansing toolkits have been proposedniglementing, filtering, and transforming rules
over data. A detailed survey of those tools is idetdhe scope of the paper. The interested reader
can refer tg21].

3 FROM DATA CONSISTENCY VERIFICATION TO MODEL CHECKING

Model checking [6] is a hardware/software verifioattechnique to verify the correctness of a sijtab
modelled system. The model is described in termstate variableswhose evaluation determines a
state, andransition relationsbetween states, which specify how the system aarerfrom a state to the
next one as a consequence of a given input adoecusing orexplicit model checking techniques, a
model checker verifies if a state transition sys{em, the model) satisfies a property by perforgnan
exhaustive search in the system state-spacetfieset of all the possible system states). Theeinod
checker exploits techniques to reduce or comprksssystem state-space to be analysed, e.g. the
reachability analysis: the state variable valueg dan be actually reached are identified, thehaiale
ones are analysed while the others are not (althbemg in the range of the admissible values).

The system model to be verified is expressed bynsyed a model checking language. Then the model
checker generates a corresponding Finite State@y&tSS) where the desired consistency properties
can be evaluated. For the sake of completeneskiglikght that model checking languages can describ
both an FSS and amplicit representation(i.e. abstract and general) of some FSSs. An aipli
representation can be translated into an FSS,renderification is always performed on the latRue

to the space limitations, we do not formalise sunsplicit representation of FSSs. However, the reade
can see [4] where such concept is expressed byswéEmtended-inite State Machines.

Definition 3.1 (Finite State System)A Finite State System (FSS S) is a 4-tuple (S)l,AuRere: S is a
finite set of states,dS is a finite set of initial states, A is a finget of actions and Fx&—S is the
transition function, i.e. F(s,a) = s’ iff the systérom state s can reach state s’ via action a.

Hence, a trajectory is a sequencetate, actionr = spagS1815:8;...$-18.-15 Where, Wi €[0, n-1, § €Sis
a state, & Ais an action an#é(s,a)=Si:1-

Let S be an FSS according to Def. 3.1 and leé an invariant condition specifying some propsrto be
satisfied (calledsafety propertiesn the model checking domain) a state=& is an error state if the
invariant formulag is not satisfied. Then, we can define the sedrodr statesECS as the union of the
states violatingp. We limit the error exploration to at mos$tactions (the finite horizon), i.e. only
sequences reaching an errpe€ within the finite horizon are detected. Note ttias restriction has a
limited practical impact in our contexts althougtirty theoretically quite relevant.

Model checking is traditionally used to explore amdify all the feasible execution paths of a syste
Then, informally speaking enodel checking problers composed by a description of the FSS to be
explored, an invariant to verify, and a finite fzom. Afeasible solutior{if any) is a trajectory leading the
system from an initial state to an error one.
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3.1 Finite State Events Database

In an event-driven architecture, amogenous evemepresents a change that may occur in the system
configuration due to an external occurrence. A eation can be established between event-driven
systems and databases containing longitudinal dadatabase record (or a subset thereof) can beasee
aneventarriving from the external world, and an orderetddf records can be seen asearnt sequence
(or action sequence). More precisely:

Definition 3.2 (Event, Event Sequence, and Finitet&e Event Dataset) Let R=(R,...,R) be a

schema relation of a database, let ex(r.., ) be an event wherg €Ry,---,r, €ER,, then e is a record
of the projection (R ..., R) over R with ng n.

A total orderrelation ~ on events can be defined such thate~...~ 6. An event sequend@r action

sequencgis a ~-ordered sequence of evestts,, ..., 6. A Finite State Event Datasét alongitudinal

dataset extracted from a database that can bessgut@s an event sequence.

ETypej = checkout A Cityj = city ‘e“

in the harbour 2% IMc Engme S 4

pos = harbour ,7%
pos = sea city = City; I('@ms.
ETypej = checkin -

@) (b)

Figure 1: (a) A Graphical representation of the Cruse Ship Travel Plan model. The lower part
of a node describes how the system state evolvesawtan event happens. (b) A Graphical
representation of a process where the model checkirused to verify an FSEDB consistency.

Intuitively, the application of model checking tatd quality problems is driven by the idea thatedel
describing the consistent evolutionfefsibleevent sequences can be used to verify ifatieal data
follows a consistent behaviour.

An FSS can be used to formalise the domain busin#as and to check the consistency of Finite State
Event Datasets. Although the whole content of alatde could be checked by an FSS, it is advisable t
split the database in several subsets (each beiagarate FSED) and to check each of them separatel

Definition 3.3 (Finite State Event Database)l et $ be an FSED, we define a Finite State Event
Database (FSEDB) as a database DB whose cont@®Bis UL, 5; where k> 1.

How can an actual database be verified by a mdasgker? A schematic representation of this approach
is depicted in Fig. 1(b):
1. A domain expert codifies the evolution of the sgstas well as the consistency properties
using the model checking tool language (i.e., tioeleh).
2. An FSED S is retrieved from the database (i.e., the FSEDB) #he model checker
automatically generates an FSS representing tHaterof the model caused Isy
3. The model checker looks for an error trace on tB&.FA solution (if any) represents an
inconsistency affecting the database event seqund®therwise the event sequence is
consistent.
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Any model checker can be used to perform the watifon. In our case, we used the CMurphi tool [7]
which allows one to use C/C++ functions to intenaith the database.

The concept of Consistency Failure Point (CFP)aw imtroduced: a CFP is an event of a FSED from
which the sequence becomes inconsistent. The CERt éy not necessarily the responsible of the
consistency failure, but it is the point where thiture emerges. The FSED is labelled as inconsiste
CFP is discovered. The remaining of the event secpiean be hardly tested (or cannot be test at all)
since the inconsistency might hinder the FSS-statddtion identification thereafter. Consideringe th
example of Tab. 1, the missing Lisbon departurergmes the exploitation of the FSS (Fig.1(a)) stnaig
after the Lisbon checkin (the subsequent Barcetdreckin is the CFP), since other events could be
missing, not only the Lisbon checkout. Generallgadpng, the uncertainty originating after a CFP can
prevent the execution of the consistency checlsdone or all the subsequent events. Consideringhagai
the example of Tab. 1, the uncertainty doesn’tfiastong time: the Barcelona harbour checkin event
enough to guess the FSS state and to resume thistemcy check. In other cases, e.g. the one pegsen
in Sec. 5, the uncertainty can last longer. Thestjoie is how to detect the points where the coesist
check can be safely resumed. For this reason wedinte theeset actionsA reset actioris an action so
that the FSS state can be determined with certahwyeafter, even though the previous history is
unknown. It can be observed that a reset acticisléze FSS always to the same state, independsntly
the previous history. More formally:

Definition 3.4 (Reset Actioh Let S (S,I,A,F) be a Finite State System accorthnDef. 3.1, an action
a €A is areset action iffis, €S s.t.vs €S either F(s,a)=sor F(s,a) is not defined.

Since events can be mapped to actionstdbet eventan be defined in a similar way: it is the evdnattt
lead the FSS always to the same state, indepegadnkie previous history. The reset events candael

for partitioning a dataset into small event segmentiose consistency can be evaluated independently.
An example is showed in Sec. 5. In this way, a @blihd within a segment does not prevent the
consistency evaluation of the subsequent segments.

Running Example. The following example should clarify the matteetlus consider the Cruise Ship
example as introduced in Tab. 1.

The whole dataset is the FSEDB whilst a FSED is ttheel plan of a single ship. Aavent gis
composed by attributeShiplD, City, Date, andEvent Typenamelye = (ShiplD, City,, Date, Event
Type). Moreover, the total-order operator ~ could be tinary operatox defined over the event’s

attributeDate, henceve,g €E, e< g iff Dateg < Datey. Finally, a simply consistency property could be
“if a ship checks in to the harbour A, then it ma$teck out from A before checking in to the next
harbour”. We can model this consistency property as a mathelcking problem. An implicit
representation of the domain is given in Fig. L@pur settings, the system state is composed Jothé
variablepos which describes the ship’s position, and (2)heablecity describing the city where the
ship is harboured. The consistency property oftaliise events sequence, e.g., the travel planbofiTa
can be expressed as a model checking problem.dh aucase, a solution (i.e., the error trace) is
represented by the event sequengeeg e, € which generates an inconsistent trajectory on the
corresponding FSS.
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4 DATA CLEANSING VIA MODEL CHECKING

In the previous sections we described how the stersty of a database event sequence can be modelled
and verified through model checking. Looking fordiaone can wonder if the consistency model can be
used as the basis to identify cleansing activitienely, once the FSS describing the dataset densis

is generated, can the FSS be exploited to idetitiéy corrective actions that can make such dataset
consistent? Let us consider an inconsistent evegtience having an action ai that applied on a
(reachable) state si leads to an inconsistent sgalauitively, a corrective action sequence esgnts an
alternative route leading the system from statto & state when the action ai can be applied (witho
violating the consistency rules). In other words;leansing action sequendd any) is a sequence of
actions that, starting frors, makes the system able to reach a new state arhwiné actiors; can be
applied and results in a consistent state. Momaddly we can define the following.

Definition 4.1 (Cleansing Action Sequencd)etS= (S,I,A,F)be anFSS E be the set of errors states
(i.e. inconsistent states) afde the finite horizon. Moreover,

- LetQ =U;.; Reach{) be the set of all the states reachable fromrthiali ones;

- lLetn =5a ... 585 be aninconsistent trajectoryvheres €Q is an inconsistent state (i.6& E

and andy, ..., $&¢E.
Then, aT-cleansing action sequender the pair(s,a) is a non-empty sequence of actions

A° =@, -1, GEA, such that exists a trajectoty= s ... S.18-1 SCo S+1C1 ... S+nCn & ON S with
|A®|< T, where all the states, ..., % are consistent.

In the Al Planning field &niversal Planis a set of policy, computed off-line, able torlgrithe system to
the goal from any feasible state (the reader car[kg 5, 9] for details). Similarly, we are intsted in
the synthesis of an object, which we ddliversal Cleansel(UC), which summarises for eagair
(state, action) leading to an inconsistent stdte,setA’ of all the feasible cleansing action sequences.
This UC is computed only once and then appliedhasracle to cleanse any kind of FSEDB.

To this aim, we proceed as follows:

Step 1A consistency model of the system is formalisednigans of a model checking language as
described in Sec. 3.

Step 2 A database domain model is formalised, descritegattribute domains from which all the
possible record subsets (i.e. event subsequencegjosed by at mogtevents can be guessed (both
the consistent an the inconsistent ones). Thefqatssible subsets will be callegbrst case FSEDB
hereafter. E.g., for the cruise ship example anraektof the model is:city={City,, City}
EType={checkin,checkout} Note that the City attribute cardinality (althéugotentially unbounded)
can be I;gnited by a finite and small number thattkshe number of state variables and to the FSS
diameter.

Step3 The model checker is used to generate the FS®s@qting all the inconsistent sequences,
starting from the database domain model (step &) the consistency model (step 1), the whole
process is shown in Fig. 1(b).

2 Due to the limited space we provide only the itibmi about how this task can be accomplished. Eieevis computed by the model checker
as thediameterof the FSS, i.e. the largest number of states lwiriast be visited in order to travel from one statanother excluding trajecto-
ries which backtracks or loops.
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Step4 Explore the FSS to synthesise the Universal Glean
More formally, we define the Universal Cleansinglitem (UCP) and its solution.

Definition 4.2 (Universal Cleansing Problem and Sation) A Universal Cleansing Problem (UCP) is
a triple D ={S, E, T} where S (S, I, A, F) is an$SE be the set of error (or inconsistent) states
computed by the model checker, and T is the fivdteon.

A solution forD, or aUniversal Cleansefor D is amapK from the set2 XA to a subsef' of the power
set of A, namerA'QZA, where for each inconsistent trajectarsea, ... $a § if A'= then A" must
containall the possibler-cleansing action sequences for the (R&).

It is worth to highlight that, while on the one laithe UC generated domain-dependente. it can deal
only with event sequences conforming to the motlat generated it, on the other hand idata-
independensince, once the UC is computed on a worst-caseDBSH can be used to cleansay
FSEDB. The pseudo code of the algorithm generatibiiversal Cleanser is given in Procedures 1 and
2. It has been implemented on top of the UPMurphl [8]. The Procedure 1 takes as input the FSS of
the domain, the set of error states given by thdahohecker (to identify inconsistent trajectoriasyl a
finite horizon T. Then, it looks for a cleansingtian sequence (according to Def. 4.1) for each
inconsistent (state, action) pair. This work isursévely accomplished by the Procedure 2 which engsl

the FSS through a Depth First visit collecting asitirning all the cleansing solutions.

Running Example. Consider again the Cruise Ship example of TalVé.recall that arevent eis
e=(ShiplD, City;, Date, ETypg) and each event sequence and subsequence iscvddreespect to the
event dates. It is worth to note that the finitgizan T = 2 is enough to guarantee that any kind of
inconsistency will be generated and then correagiolg no more than 2 actions. Note that the calitina
of the city attribute can be potentially unboundeut, since a state can store only one city infoionaat

a time, we can use two elemen@ity, andCity,) to represent any feasib(gity; value in the system.
Consider that the main elements of an even&dige &{checkin, checkout}, Cit{City,,City,}, i.e., 4
possible events. Then, we representwiost-case=SEDB by considering into our model all the pokesib
2-step event subsequences (i.e., simply enrich radk of the graph in Fig. 1(a) with all the poksib
edges).

Table 2 shows the Universal Cleansing for our examphich isminimal with respect to the number of
event variable assignments, i.e., the missing flpos=sea], (checkout,Ci{}) fits on ([pos=sea],
(checkout,City)). The UC, once generated, is able to cleanse ary & FSEDB compliant with the
model from which it has been generated.

([state],(action)) list of corrective actions
([pos=sea], (checkout, Cily (checkin, City)
([pos=harbour/\ city=City,], (checkout, City)) (checkout, City),(checkin, City)
([pos=harbour\ city=Cityy], (checkin,City)) (checkout, City)
([pos=harbour\ city=Cityy], (checkin,City)) (checkout, City)

Table 2: Universal Cleanser for the Cruise Ship Exaple.
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Procedure 1 UNIVERSALCLEANSING Procedure 2 AUXUC
Input: FSSS ., Input: s,a,s5",level
set of error states E, Output: list of correction sequences cs]
finite horizon T 1: es[]e« @ /Nist of correction scquences
Output: Universal Cleanser K 2 CSausl]< @ //aux list of correction sequences
i: level « 0; /fto stop when T is reached 3. 1 ¢ 0/Nocal ¢s[] index
» for all s €F do s if level < T then
3 for all s €S,a €A s.t. F(s,a) =s5" s forallad €A st F(s,a)=s withs €F do
do « if F(s,a)=s st s EE then
& K[s,al« AUXUC(s,a, s, level) 7 cslile a
s. return K 8: i—i+1
9 else
10: CSausl] < AUXUC(s , a, 5", level +1)
1t: for all seq Ecsgyy do
12: cslil« d Useq
13: i—i+1

1 return cs[]

5 THE CASE OF “THE WORKERS CAREER ADMINISTRATIVE
ARCHIVE"

The Italian Law No. 264 of 1949 requires the emgets to notify the public administration whenevar a
employee is hired, dismissed, or her/his workingtiact is modified. Those notifications are called
Mandatory Communicationg'Comunicazioni Obbligatorie” in Italian). Sincée 1997, the Ministry
developed an ICT infrastructure, called tl System”[16], for recording data concerning mandatory
communications, employment, and active labour nigribcies. Some administrative archives useful for
studying the labour market dynamics [11] are geteerand calledCO Archives’or “Job Registries.
Extracting the longitudinal data by the CO archia#lews one to observe the overfilw of the labour
market for a given observation period, obtainingightful information about worker career paths,
patterns and trends, facilitating the decision mglarocesses of civil servants and policy makeds [1
Unfortunately the archive quality is very low, te@ore cleansing is required before deriving infotiora

for decision making purposes (see, e.g. [3]). Thpr@ach presented in this paper has been used to
perform data consistency evaluation and cleansinthe real data extracted from the CO archive of an
Italian Area.

5.1 Domain Modelling

This subsection will provide some domain knowledgeeful to achieve an overview of the
administrative archives analysed in this paper.rigtiene an employer hires or dismisses an employee,
or an employment contract is modified (e.g. fromt{iane to full-time, or from fixed-term to unlimed-
term), a Mandatory Communication is notified to #8® System and stored into a job registry. The
registries are managed atrbvincial level” for several administrative tasks, every Italiaavimce has its
own job registry recording the working history tsf inhabitants (as a side effect).

For each worker, a mandatory notification éu@ntin our context) is composed by:
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w_id: it represents an id identifying the person invdlue the event;

e_id: it represents an id identifying the communication;

e_date:it is the event occurrence date;

e_type:it describes the event type occurring to the wodeeeer. The allowed event types are: dtzat

or the cessationof a working contract, thextensionof a fixed-term contract, or a contract type
conversion

c_flag: it states whether the event is related to a folktior a part-time contract;

c_type: it describes the contract type with respect to thieaitdaw (e.g. fixed-term or unlimited-term
contract, etc.).

empr_id: it uniquely identifies the employer involved iretbvent.

The evolution of a consistent worker’s career alttregtime is described bysequencef events ordered
with respect tee_date More precisely, in this settings an FSED is theeoced set of events for a given
w_id, and the FSEDs union composes the FSEDB. Moretivemepresentative element is given by the
w_id. Now we closely look to the consistency of the kesrcareers, where the consistency semantics is
derived from the Italian labour law, from the dom&nowledge, and from the common practice. Some
rules can be identified:

cl: an employee can have no more than one full-tinméraot active at the same time;

c2: an employee cannot have more than K part-timeraot# (signed by different employers); in our
context we assume K = 2 i.e., employees cannot haore than two part time jobs active at the same
time;

€3: a contract extension cannot change neither thstiegicontract typec( typg nor the part-time/full-
time statusq_flag) e.g., a part-time fixed-term contract cannot im@éd into a full-time contract by an
extension;

c4: a conversion requires either thetypeor thec_flagto be changed (or both).

For simplicity, we omit to describe some trivialnstraints e.g., an employee cannot hawessation
event for a company for which she/he does not wamlevent cannot be recorded twice, etc.

The CMurphi model checker allows us to build an K&%:h will be used to check the data consistency.
The system state (i.e., a worker’s career at angiivee point) is composed by three elements: thteoli
companies for which the worker has an active cebf@[] ), the list of modalities (part-time, full-time)
for each contractM[] ) and the list of contract type$[{).

To give an exampleC[0]=12, M[0]=PT, T[0]=unlimited models a worker having an active unlimited
part-time contract with compariz.

The CMurphi model of the domain is showed in Figbire and it outlines a consistent career evolution.
Note that, to improve readability, we omit to reg@et conversionevents as well as inconsistent
states/transitions (e.g., a worker activating twd-tfme contracts), which are handled by the FSS
generated by the CMurphi model.

A valid career can evolve signing a part-time cacitwith company, then activating a second part-time
contract with company, then closing the second part-time and then reatatig the latter again (i.e.,
unempemp, emp;, emp, emp;).

172



ICIQ 2012, the 17th International Conference oroinfation Quality

(e_typeg/ =exA c_flagg/ =PTA c_typec/ =T[1]A empr_idc, =([1])

e_type, = ex Ac_flage, = PT (e_typee, = ex Ac_flage, = PT Ac_types, = T[0] Aempr_id,, = C[0])

Ac_type,; = T[0] Aempr_id,, = C[0]

emp;

e_typeq =csnc_flag, =PT e_typee; = s he_flage = PT Cl0] = empr_id,,
Aempr_id,, = C[0] Ac_type., = T[0] cro _erf‘Pi y empr_ide, = C[1] Ac_type,, = T[1 M0 = c_ fing,
o= e TI0] = c_type.,

n M][0] = C_flllgf, C[1] = empr_id,
e_type, =stne_flag, =PT T[0] = c_type., e_type,; =st Ac_flag, = PT _ 4
Aempr_id,. # C[0] M[1] =c_flag.,

P T[1] = c_typee,

>
&
~ =~
Ry ‘-‘i ,\:_-
1 [
= &8
5% A
& o
Sy [o%)
J =2
2 =
= > °
o o
I -
o< =00
<& =F
3 i
|

Id

[olz

emp;
C[1]= empr_idg/
M[1]=c_flag.,
T[1] = c_typegj

empy
C[0] = empr_id,,
M[O0] = c_flag,,
T[0] = c_type.,

e’type, = ex Ac_flag, =FT Ac_type, = T[0] Aempr_id,, = C[0]
_typeei =exA c_flagg/ =PTA c_typee/ =T[0] Aempr_id,, = C[0]

Figure 2: A graphical representation of an FSS of &alid worker’s career where st=start
cs=cessationcn=conversion and ex=extension

5.2 Data Consistency Experimental Results

We performed the consistency check using the madestribed in Fig. 5.1 on the “CO archive” of an
Italian Area, composed by 1,248,751 mandatory comications. The CO archiveS(from now on)
describes how the labour market has evolved franlthJanuary 2000 to the 3December 2010, by
providing CO events for 214,418 people careershiateer has been modelled as a subselere i€
[1,..., 214,418]. AnS is aFSEDwhile Sis theFSEDBaccording to the terminology introduced in the
previous section.

The consistency check computation was performed 82 bits 2.2Ghz CPU (connected to a MySQL
server through ODBC driver) in about 20 minutesigsibout 50 MB of RAM.

Our results show that the 43.2% of the careersnansistent. More precisely, the 43.2% hatédeast
one inconsistency (i.e., a CFP has been foundYh®mrontrary, only the 56.8% of the total careergeh
proved to be consistent. Clearly, once an incomisist is detected at a given time point, the remaini
part of the career cannot be further evaluatedesthe CFP may have unpredictable effects on the
consistency of the remaining part. To mitigate #ffect, we exploited the consistency model of Bid.

to discoverreset eventgaccording to Def. 3.4) and to partition the caseieto smaller segments. The
following example should help to better clarify theefulness of the reset events. Let us consider a
worker career extracted from the dataset, as pregan Tab. 3(a). According to the record having
e_id=4, the worker w1 starts a new full-time coatri;a date 39504 without closing the on-going part-
time. Due to this inconsistency, the whole careifirbve considerednconsistentalthough only the first
four events have been evaluated.

Focusing on the system described in Fig. 5.1,ntlmobserved that some events always lead thensyst
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to a specific state regardless of the previous:oags, looking at Fig. 5.1, a full time cessatalways
leads to theinempstate as well as a full time start always leadthéemp state. Indeed, in such cases,
the state reached by the system can be guessegiténas the previous uncertainty. These events
contributing to reduce the uncertainty are riéget events

w_id id |e date] et c_flag c_type em_id
wl 1 38402 st part-time limited empg
wl 2 38679 st part-time unlimited emps
wl 3 39023 cs part-time  limited empg
wl 4 39504 st full-time| unlimited emps
wl 5 39651 cs full-time| unlimited emps
wl 6 39700 st part-time unlimited empx
wil 7 40407, cs full-time| unlimited empx
wil 8 40632 st full-time| limited empg
wl 9 41449  ex full-time| unlimited empg
wil 10 | 41513 cs full-time| limited empg
wil 11 | 41726 st full-time| limited empg
wil 12 | 42089 ex full-time| limited empg
Table 3: (a) An example of a worker career (the dat is not real although plausible).
Seg w_id| id| e date| etc flag | c_type em_id
S1 wlh | 1 38402 st| part-time limited empk
wl; | 2 38679 st| part-timeunlimited| empg
wl | 3 39023 | cs part-time limited empk
wl | 4 39504 st| full-time unlimited| empg
S2 wh | 4 39504 st| full-time unlimited| empg
wl, | 5 39651 cs| full-timgunlimited| empg
S3 wk | 5 39651 cs| full-timgunlimited| empg
wl; | 6 39700 st| part-timeunlimited| empg
wls | 7 40407 cs| full-timgunlimited| empy
S4 wl | 7 40407 cs| full-timeunlimited| empg
wl, | 8 40632 st| full-time limited empg
S5 wk | 8 40632 | st| full-time limited empk
wls | 9 41449 ex full-timeunlimited| empg
S6 wk | 9 41449 ex full-timeunlimited| empg
wlg | 10| 41513 cy full-timg limited empg
S7 wt | 10| 41513 cs full-time limited empg
wl; | 11| 41726 st| full-time limited empg
S8 wlk | 11| 41726 st| full-time limited empg
wlg | 12| 42089 | ex full-time¢ limited empg

Table 3: (b) The segmented career of (a).

Using the UPMurphi tool and the model described bid, we verified that thaull-time events always
lead to the same state, i.e. theyr@set events
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Given a FSED (according to Def. 3.2) describincgaeeer composed of the evenis @, ... g the reset
events g; (corresponding to full time events) are selectéwkm res[re, re,re;,....raJcles,...e). The
career can be splitted into segments as foll(gy$e,, |, [ers,,8re; | [EreysBre )i [Erey.8n]- EXCluding

the last event of each segment (which is repeadidst event of the following one), the segments a
non overlapping. The last event repetition is resfiito carry out the segment consistency check. The
FSS for verifying the segment consistency has Ineadlified by taking into account that a career segme
can start from several states, not only fromuhempone.

Considering the example of Tab. 3(a), the careglesomposed by creating 8 segments which can be
now analysed independently, as showed in Tab. 3. consistency analysis on the segments shows
that S1, S5 and S6 are inconsistent, whilst the remaining segmengscansistentS1 is inconsistent
because the job with employer ems not closed before the beginning of the fulldirmontract with
empe, S5 is inconsistent because the first extension eyenid=9) hasc_type=unlimitedand the
extensions of an unlimited contract is not allowedS6 there is ac_typemismatch. As shown by this
example, the segments can now be evaluated afidirshinconsistency using the career segmentation

We applied this approach on our administrative iaecB, generating an new archi&**"where each
career has been decomposed into segments by uséngeset events previously introduced. The
consistency check has been used to evaluate tmeeség consistency. The results (and a comparison
with the whole career results) are shown in TalWé.highlight that the databaSds largely composed

by reset events (the full time events are abouitté of total events) motivating the big dimensain

the S**9Marchive in terms of segments. For this reasori§°ffi™a segment is now composed by a low
average number of events, less than 2 per segmehtcOnsidering the duplicates). The number of
consistent segments is the 78.3% compared to tl89%6f the consistent careers (analysed as single
entities). Thanks to the use of the reset eventshi&ned a more precisely evaluation of the coescy

of Sin terms of segments. Similarly, looking at thenter of events belonging to inconsistent careers,
the results show that now only the 28.3% of thaltevents ofS belong to inconsistent segments (rather
than the previous 72.2%).

Row Dataset Analysis S(careers) S°¢9" (segments)
1 # Events 1,248,751 2,091,507
2 # Elements 214,418 1,057,090
3 #Consistent Elements 121,853 (56.8%) 828,194 (78.3%)
4 #Inconsistent Elements 92,565 (43.2%)| 228,896 (21.7%)
5 | #Events member of Consistent Element846,553 (27.8%) 895,906 (71.7%)
6 | #Events member of Inconsistent Elemen®902,198 (72.2%) 352,845 (28.3%)

Table 4: A comparison between careers and segmertata

Even tough the use of the reset actions has shawedre limited impact of inconsistenciesSnthe
analysis confirms that the original database Hasvajuality, motivating the need for data cleansing

The discussion about the reasons of such pooraietiity is out of the scope of this paper, nevdetbe

it is mainly related to the data collection procéfesv controls, a lot of manual data entry espécial
before the 2005) and to some trivial errors (egubde entries) that can easily make the careers
inconsistent.

5.3 Data Cleansing Experimental Results

We generated the Universal Cleanser using the nomseiribed in Fig. 4. We generated the FSS from the
worst-casedatabase by choosingTa= 5 finite horizon, which is high enough to guarantbat any
reachable inconsistent state can be consideredh, Hrecedures 1 and 2 have taken as input the FSS
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generated and the error stafgdo detect inconsistent trajectories. Finally,d&dures 1 and 2 have been
used to synthesise the Universal Cleanser. The &ffams288 different (state, action) pairs able to
make consistent any FSEDB (conforming to the modelpo more than 3 steps, avoiding looping
corrective actions. We observed that= 3 is enough to guarantee that any inconsistency bll
corrected, whilst usind = 2 some errors cannot be fixed. To give an examgleus$ consider an
inconsistent trajectory (i.e., a career in suchaaeg in which the last consistent state is jemijth
(M:[PT,PT], T:[Limited,Limited], C:[CompanyCompanyj), then a cessation for a full-time contract
with a new company arrives (i.e, an event as (@s, Limited, Company). In such a case, the UC
suggests to choose between two corrective inteovenisimilar to each other) composed by 3 actions
for each. The first intervention is: to close thestf part-time contract, i.e. (cessation, PT, Ladit
Company) then to close the second one (cessation, PT tédmCompany and finally to start the full-
time contract according to the event received {(st&F, Limited, Company. The second intervention
can be obtained by switching the first two cessagigents.

We applied the UC generated to the dat&kt cleanse the inconsistent careers as follows.eBoh
careerS, when an inconsistency is found: (1) iiet be a CFP (i.e. an inconsistency at a given seguenc
point) for the caree§. (2) Look at the UC evaluating all corrective antisequences able to fie. (3)
Select a suitable corrective action sequence (dotpto a given policy) and apply it. (4) Evaluaigain

the consistency d&. (5) Repeat steps 1-4 until no CFPs for the caiemmerges.

In this work we focus on the UC synthesis. Invesiitgg how to select corrective actions from thesone
proposed by the UC is outside the scope of thiepdgevertheless, for the sake of completeness, we
detail how the UC has been used to cleanse theewadeeer archive. We implemented the step 2 by
always selecting the corrective action sequenceimmsing (maximising) the (per workerverage
working daysindicator. Hence, we obtained two cleansed versbrS, namely S™" and S™,
representing the cleansed versionSafi which inconsistent careers have been cleangedifimising

and maximising their working days respectively.dar settings, these distinct datasets allow us to
perform asensitivity analysion the “working day” indicator with respect to thecertainty due to
inconsistencies. Clearly, once the UC is generatesl user can use any kind of policy for choosing a
corrective action sequence. Finally, the compldgiehds been made available at [1].

6 CONCLUSION AND FUTURE WORKS

In this paper we have shown how (longitudinal dat)sistency verification tasks can be modelled as
model checking problems, then we used the CMurphfigr on some administrative archives to detect
the inconsistent data. The analysed archives #terevorking histories of people living in an ltaliarea.

An anonymous version of the archives has been usechrding to the current law and privacy
requirements. The results showed that the datatguodithe source archives is very low: only abtug
56% of people careers are consistent. To furthezsiigate these results, we exploited the congigten
model to partition the careers into small segmeviiese consistency can be analysed independently,
obtaining a very fine grained evaluation of theadguality: the 78% of the segments turned out to be
consistent.

Finally, we provided an algorithm working on thensistency model that can automatically build a
universal cleansera cleansedomain-dependergt.e., it focuses on the consistency of a spedifimain)
butdata-independer.e., it can cleanse any kind of dataset complmth the model).

Using model checking to evaluate a consistency maglainst actual data put into the hands of domain
experts a powerful instrument contributing to atdretomprehension of the domain aspects, of the dat
peculiarities, and of the cleansing issues.
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As a future work we would like to explore the temgddogic to express consistency rules. Currently o
research goes into the direction of comparing thieeusal cleanser with other approaches.
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Abstract. This article examines the problem of categorigiilgensions of information quality (IQ), againseth
background of a serious engagement with the hypathkeat 1Q is purpose-relative. We examine sottegpts to
offer categories for 1Q, and diagnose a specifabf@m that impedes convergence in such categansati Based
on this new understanding, we suggest a new wagtefgorising both IQ dimensions and the metricsl iisem-
plementation of IQ improvement programmes accordinghat they are properties of. We conclude byimag
an initial categorisation of some IQ dimensions aredrics in standard use to illustrate the valuthefapproach.

1 INTRODUCTION

Understanding information quality (IQ) is a pregsiask. Undertaking it involves two related aspects
one conceptual and the other implementational. iBhiiecause what is needed is a settled analy$3 of
that matches definitions of IQ measures and imprer programs as well as ways to implement them.
Unfortunately, current literature on 1Q offers nettked agreement on answers to at least four glosel
related questions, all of which may be approacledteptually and implementationally:

What is a good general definition of 1Q?

How should we classify the multiple dimensions@®I

What dimensions of IQ are there, and what do keyufes such as ‘timeliness’, ‘accuracy’ and so on
mean?

What metrics might one use to measure the dimessibiQ, bearing in mind that more than one metric
may be required to yield an overall measure foarigular dimension?

These questions begin with the most clearly conzdne, and descend to questions much more closely
concerned with implementation. This dual naturéhefproblem of understanding IQ is recognised @ th
literature: ‘Both data dimensions and schema dimoassare usually defined in a qualitative way,
referring to general properties of data and schearas the related definitions do not provide arojlits

for assigning values to dimensions themselves. ifigadty, definitions do not provide gquantitative
measures, and one or more metrics are to be asmbeiih dimensions as separate, distinct propettie
(Batini & Scannapieco, 2006, p. 19)Qualitative descriptions of the meanings of wasdphrases such

as ‘information quality’, or ‘timeliness’ are ndt¢ same as formal metrics required to measure taed,
which are needed for implementation.

1 Batini and Scannapieco page number referencete arenanuscript copy.
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In this paper, we intend to address only the colua@spect of the question, not the implementation
one. However, since the two aspects are strongexied, we will inevitably touch upon all four
qguestions. Overall, it is a matter of finding aefibalance. On the one hand, a merely sequential
procedure is unlikely to be fruitful: trying to amesr question 1 first, then moving forward to quest?

and so forth is tempting but unlikely to succeedause, without some understanding of sensible
implementable metrics and measures, it seems intgd@ge give a really meaningful general definition
of IQ. On the other hand, it is equally unliketylie fruitful to try to answer question 4 first,dathen
attempt to move backward to the others, becausgrdeg effective metrics for measuring 1Q requires
grasping what 1Q itself is. Ultimately this setaiestions needs to be answered collectively, goren
trying to answer any of these questions is in a @ancerned with all four. This might sound paradaki

but in fact it is simply realistic. The idea is thaist as it takes two to tango, it takes bothoemtual
understanding and implementation, in alliance,ucceed with regard to 1Q. We need to improve our
conceptual understanding, then implementation mreasthen back to conceptual understanding, and so
on, until we get it right. With this in mind, wéall proceed in this article by developing a cortaap
framework for approaching these questions, and sleek to map available metrics on to the developing
conceptual picture. In this way, we hope to shioat thuch of the task of answering the questiontaitw

IQ is indeed requires conceptual effort, and inicahat can be achieved by mapping implementable
metrics to the conceptual framework we developthénlight of this, we will not attempt in this papto
make a novel study of 1Q practice, nor to exteng fammal 1Q metrics, although those studies must
ultimately complement the conceptual study we eadgadiere. The ultimate test of this conceptualkwo

is forward-looking: it will succeed if it does p@wseful in moving forward the overarching projett
improving 1Q. We shall leave to a second stagehisf project the implementational part, which wid b
developed in collaboration with Google UK.

Here is a quick outline of the article. In secttao, we shall briefly discuss question 1 abovejngpthe
purpose problem for IQ. In section three, we sledamine the issue of dimensions and their
classification, thus addressing questions 2 anth®& We shall discuss existing efforts to clgssif
dimensions, and identify a problem that is impediogvergence of these efforts. We shall then offer
our own classification, in terms of what IQ is ajperty of, and give an initial mapping of some IQ
dimensions to that classification. In the conclasie shall quickly summarise the results obtaiaed
articulate some final considerations about theadled ‘purpose problem’ (more on this in the counfe
the article). A final terminological note: throughidhis article we shall confine ourselves to cdasng
‘information quality’ or ‘IQ’. Much of the literaire also writes of ‘data quality’ or ‘DQ’ and nadlly

we shall leave those expressions unaltered in aateq. Yet in the following pages nothing theoitic
significant depends on the distinction between @ ®Q because, given the level of abstraction at
which we are working, conceptual issues about IQR® do not need to be distinguished.

2 PURPOSE

A major conceptual problem in the literature is fha&pose-dependencef good information. The
general idea is simple. For example, informat®timely if it gets to you before you need to usemnd
that depends on the purpose for which you intengstit. Information that gets to you soon aftes i
gathered is not timely if it is too late to use;il@hinformation that gets to you the day before yeaed it

is timely even if that information has been heldfapa long while before it reaches you. Indedw t
obvious importance of purpose to IQ has gained sohnturrency that many working in, or influenced

2 Research for this article was supported by a tearyproject, entitled “Understanding Information aity
Standards and their Challenges” funded (2011-2a#8)}he British Arts and Humanities Research Council
(AHRC), in collaboration with Google UK. Part ofetlproject is to interact at a later stage with Geaggineers

to check and improve the conceptual model develapeah earlier stage.
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by, the MIT group accept ‘it for purpose’ as a gel definition of 1Q. For example: ‘Quality hasdn
defined as fitness for use, or the extent to whiglroduct successfully serves the purposes of cosrsu
...." (Kahn, Strong, & Wang, 2002, p. 185). More egptly, definitions of quality dimensions in the
ISO/IEC 25012:2008 all make reference to a ‘spedaifontext of use’ (ISO, 2008). One important
feature, included in a specific context of useyasmal purposes in that context of use.

However, further and deeper analysis of the purpekgivity of IQ and the connection of such analys
to implementation effectively have proven to beiaes challenges: ‘While fitness for use captures th
essence of quality, it is difficult to measure diyalising this broad definition.” (Kahn et al., Z0)0p.
185). In particular, there is a need to understaow to lay out more specific IQ dimensions (qusdi 2
and 3) and specific metrics for these dimensiongegtion 4), against the background of a general
definition of IQ (question 1) as broad as ‘fit furpose’.

We have looked at purpose in previous work (112012), which we summarise here as the background
of the work of this paper. In that context, wewsd that no 1Q dimension is completely indepenaént
purpose. This is true even though it may seem ghate 1Q metrics can baefinedindependently of
purpose — such as tuple completeness, which meaginether there are missing values in tuples in the
data — because a metric is an indicator of the di#oea, and an indicator is not the dimension itsHife
same view is shared by others: ‘These considemtstrow that even a dimension such as accuracy,
which is considered only from the inherent pointvidw in the ISO standard, is strongly influenced b
the context in which information is perceived/camgad.” (Batini, Palmonari, & Viscusi, 2012).
However, there is no need to conclude from the gaegrelativity of IQ, that 1Q isubjective Purpose is

a relational not a relative concepsomething has (or fails to have) a purpose fonetbing else.
Consider food, for example, it is a relation, bat a relative concept/phenomenon: something ape ty
(e.g., grass) is food for a specific type of edteg., a cow) but not for another type (e.g., a &nm
Likewise, 1Q does not depend merely on the opimibthe user. The purpose is chosen by the usér, bu
how well different metrics and dimensions fit theeve purpose is a matter of objective assessment; th
user is constrained by the chosen purpose, asdilitei purpose that determines 1Q, not the useratWh
must be concluded instead is that what IQ meand, the best interpretations of the various IQ
dimensions, are all dependent on the purpose dhtbemation in question. We shall refer to thisths
purpose problem.

In light of the purpose problem, it is worth viegithe fundamental challenged posed by IQ — in ract
rather than in the ideal case — as the requegipi@sent and measure, as a purpose-independanefeat
of the information itself, something that is readlypurpose-relative measure, i.e. it is a featdrth®
relationship between a purpose and the information itself. c8igally, improving IQ — of which
defining it, defining and categorizing its dimemso and designing metrics and measures for those
dimensions are all a part — involvgstting metrics and so dhat look purpose-independent although
they aren’t really.

The metric or measure we get when we succeed islynan estimate or indicator of IQ: ‘Although it is
common in the IQ literature to talk of "measuringgyaluating” or "assessing" the quality of infotioa,

in practice the best we can hope for is to computkseestimateof quality. ... At the end of all this, the
best we can achieve is to combine the results ff@various checks to make a defensible guessat th
quality of the data, rather than a definitive, dbsmeasure of its quality.” (Embury, 2012). Tesult

of making 1Q indicators available to the user i€topower the user. This is in broad agreement thigh
following observation: ‘unless systems explicitisadk their information quality, consumers of the
information they provide cannot make judgments aedisions with high confidence. Information
providers don’'t have to provide perfect 1Q, butytineed to be explicit about what IQ they do provide
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(Keeton, Mehra, & Wilkes, 2009 p.'8)

Recognising this tension between conceptual uratgigig of 1Q and the practice of improving 1Q
should help to avoid misunderstanding, particuldéiny mistake of looking at something that has been
designed to look purpose-independent, and takinp ibe truly purpose independent. This is the
background against which we approach the concepixadllems of categorising IQ dimensions and
metrics. In particular, we will have somethingsty in our conclusion about the idea that the mepo
problem is wholly different in kind from other IQgblems already dealt with successfully.

3 DIMENSIONS AND THEIR CLASSIFICATION

We shall now try to show what can be achieved t3plkey in mind that the process of improving 1Q,
including defining it, defining and categorizing limensions, and designing metrics to measuresthos
dimensions, involves getting something that loaksi® not purpose-independent.

In this section, we shall look at existing attemjptslassify IQ dimensions, diagnose what may bengr
with them, and identify a fruitful approach. We Bhhen map some existing 1Q metrics discussed by
Batini and Scannapieco (2006) onto that approdachanticipate, the main goal of this section istiow
how important it is to understanding IQ that we tanprecise about what I1Q itself and what vari@ps |
dimensions and metrics are actually propertiesFaft example, are they properties of the data bgld
single information producer? Or are they propertiéd the dynamic relationship between a whole
information system, which is changing through tirased long-term users of that system?

The importance of answering such questions isectiesult of the purpose-relativity of 1Q, andtloé
fact that a great deal of work designing and impr@\VQ involves trying to find a purpose-indepentien
intrinsic feature of the data itself to measure asé as an indicator of what is in fact a complesppse-
dependent feature of a relationship between datauger. Increased precision on these matterdheii

us understand how to think in a usefully clearery vedout categories, dimensions and metrics.
Ultimately we will argue for moving from a hieraichl organization of 1Q dimensions and metrics to a
relational model linking IQ dimensions and purpose.

3.1 WHY EXISTING CLASSIFICATIONS OF |Q DIMENSIONS WON'T
CONVERGE

An important feature of the literature on IQ isatempt to classify IQ dimensions. These atterapts
proliferating, and there seems to be little setttedvergence so far in the classifications produckd
this section, we shall examine some of the bestwknattempts at producing such categorisations of
dimensions, and seek to diagnose the problemsghatgeding a useful convergence in the debateisn th
issue. We begin with the categorisation of Wan@®®)9which is one of the earliest and most infligdnt
categorisations of 1Q dimensions, and is still freqtly cited. Table 1: Wang's categorisation (Seur
Wang (1998)) below is the table given in the orégipaper (Wang, 1998, p. 60):

IQ Category IQ Dimensions

Intrinsic 1Q Accuracy, Objectivity, BelievabilityReputation

Accessibility 1Q Access, Security

Contextual 1Q Relevancy, Value-Added, Timelinesspmpleteness
Amount of data

Representational 1Q Interpretability, Ease of ustlerding, Concise repre-
sentation, Consistent representation

Table 1. Wang's categorisation (Source: Wang (1998)

¥page references are to a manuscript version gfaper.
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This can be compared, for example, with the produnt service performance model for information
quality (PSP/IQ model), given in Table 22: Kahnakts categorisation (Source: (Kahn et al., 2002, p
184).. Its authors, who include Wang of the classtion above, describe it as a ‘two-by-two cortcep
model for describing 1Q. The columns capture quali& conformance to specifications and as exceeding
consumer expectations, and the rows capture quadity its product and service aspects.’ (Kahn gt al
2002, p. 184). Below is the table they give, magpiommon IQ dimensions onto their model, using
surveys of 1Q practitioners (Kahn et al., 20021 §8):

Conforms to Specifications Meets or Exceeds Cons@m Expecta-
tions
Product Sound Information Useful Information
Quality . Free-of-Error . Appropriate Amount
. Concise Representation . Relevancy
. Completeness . Understandability
. Consistent . Interpretability
Representation . Objectivity
Service Dependable Information Usable Information
Quality . Timeliness . Believability
. Security . Accessibility
. Ease of Manipulation
. Reputation
. Value-Addec

Table 22: Kahn et al.’s categorisation (Source: (Klan et al., 2002, p. 184).

There are now quite a few dimension arrangementbénstyle of these two examples. Indeed, Lee,
Strong, Kahn, and Wang (2002) even give us two e@oispn tables of classifications of IQ dimensions,
one for academics in Table 3 (Lee et al., 2002,34) and one for practitioners in Table 4 (Leelgt a
2002, p. 136), laid out according to the Wang ()92fegories:

Intrinsic 1Q Contextual 1Q Representational 1Q Accessibility 1Q
Wang and| Accuracy, believabil{ Value-added, relevance, Understandability, Accessibility,
Strong [39] ity, completeness, timeli} interpretability, ease of operations,
reputation, objectivity| ness, concise representation, | security
appropriate amou consistent representat
Zmud [41] Accurate, factual Quantity, relia-Arrangement, readable,
ble/timely reasonabl

Jarke and Believability, accura-| Relevance, usage, Interpretability, syntax, | Accessibility, system

Vassiliou cy, timeliness, source version control, availability, transaction

[16] credibility, consistenq{ currency, data warer semantics, aliases, origir} availability, privileges

cy, house
completeness currency, non-volatility
Delone and Accuracy, precision, | Importance, relevance,| Understandability, Usableness,
McLean [11] | reliability, freedom usefulness, readability, clarity, for-| quantitativeness,
from bias informativeness, mat, appearance, con-convenience of accéss
content, sufficiency, ciseness, uniqueness,
completeness, currency, comparability
timelines:

Goodhue [14]| Accuracy, reliability Currency, lewdldetail | Compatibility, meaning, | Accessibility, assistance,
presentation, lack ease of use (of hiw, s/w),
of confusion Locatability

Ballou and| Accuracy, consistent Completeness,

Pazer [4 cy timelines:

Wand and| Correctness, unanl- Completeness Meaningfulness

Wang [37 biguout

Table 3: Classification for academics (Source (Leet al., 2002))
%Classified as system quality rather than informatjoality by Delone and McLean.
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Intrinsic 1Q Contextual 1Q Representational 1Q Accessibility 1Q
DoD [10] Accuracy, completer Timeliness Uniqueness
ness,
consistency, validity
MITRE [25] Same as [39] Same as [39] Same as [39] amesas [39]
IRWE[20] Accuracy Timeliness Reliability
(of delivery)
Unitech [23] Accuracy, consisten-Completeness, timelit Security, privacy
cy, ness
reliability
Diamond Tech-| Accuracy Accessibility
nology
Partners [24
HSBC Asset Correctness Completeness, currérEonsistency Accessibility
Management cy
[13]
AT&T and Accuracy, consistent Completeness, rele- Clarity of definition, Obtainability,
Redman [29] cy vance, precision of domains, flexibility, robust-
comprehensiveness, | naturalness, homogeneity, ness
essentialness, identifiability, minimum
attribute granularity, | unnecessary redundancy,
currency/cycle time semantic consistency,
structural consistency,
appropriate representation,
interpretability, portability,
format precision, format
flexibility, ability to
represent null values,
efficient use of storage,
representation consistency
Vality [8] Metadata characteristi

Table 4: Classification for practitioners (Source Lee et al., 2002))

This is enough to illustrate the lack of convergeti@at should be cause for concern to those intstés

the project of categorising dimensions. The pnwobig explicitly noted: ‘In comparing these studie®
differences are apparent. One is whether the wwewmf information consumers is considered, which
necessarily requires the inclusion of some subjeatimensions. The other is the difficulty in ciagag
dimensions, for example, completeness, and tim&ding some cases, such as in the Ballou and Pazer
study, the completeness and timeliness dimensiathsnto the intrinsic 1Q category, whereas in the
Wang and Strong study, these dimensions fall imocbntextual 1Q category. As an intrinsic dimensi
completeness is defined in terms of any missingevalAs a contextual dimension, completeness @& als
defined in terms of missing values, but only fasgl values used or needed by information consumers.
(Lee et al., 2002, pp. 135-136). Here, they ararnenting only on part of the overall comparisoresyth
make, but the concern is clear: there is no setlgeeement even on the most deeply embedded
dimensions.

We suggest that there is a particular source &f phdbblem, holding up any successful mapping of 1Q
dimensions onto categories. We shall develop shggestion in the rest of this section, but must fi
pause to understand what creates the problemniBatil Scannapieco (2006, p. 39) note: ‘According t
the definitions described in the previous sectiberd is no general agreement either on which set of
dimensions defines data quality or on the exact mgamf each dimension. In fact, in the illustrated
proposals, dimensions are not defined in a measuaid formal way. Instead, they are defined by
means of descriptive sentences in which the sensaate consequently disputable.” The first imparta
point is the descriptive, qualitative understandafigpoth categories such as ‘intrinsic’ and ‘cornieX,
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and dimensions such as ‘timeliness’ and ‘accurdoywyever disputable, are performing a useful role i
our conceptualisation of 1Q. Categories such agifisic’ and ‘representational’ and so on have an
intuitive meaning, easy to understand and use,ithhelpful to 1Q practitioners and academics alike
The concepts of these categories are performing $ana of useful function in the academic literatur
and in practice. Similarly for the concepts of M)mensions themselves, such as ‘accuracy’,
‘completeness’ and ‘timeliness’. They have inugty understood meanings that are functioning usefu

in the thinking of both practitioners and academics

The importance of this role to the ultimate suca#gsmplementation of IQ improvement is also nobgd
Batini and Scannapieco (2006, p. 19): ‘The quaditgonceptual and logical schemas is very important
in database design and usage. ... Methods and tedwifpr assessing, evaluating, and improving
conceptual schemas and logical schemasftierént application domains is still a fertile resdaarea.’

It is important that those working in 1Q have batleaningful 1Q dimensions and meaningful dimension
categories to work with. The problem of impreaisithat the intuitive meaning of category and
dimension terms creates cannot be solved by eltimgpall such words.

This is problematic because the 1Q dimensionsnddfiaccording to the intuitive meaningful wordsttha
are generally used for dimensions, do not map tmdQ categories, defined in turn according to the
intuitive meaningful words that are commonly useddategories. We are going to spell this out utim
more detail in the next subsection, by trying teeof mapping between IQ dimensions and categories
that will work, which will require adapting both tegories and dimensions. Before, let us indichée t
problem as briefly as possible. The heart of that the current meaningful dimensions have tspig

to map properly onto existing meaningful categorigsccuracy’, ‘timeliness’, ‘completeness’ and sp

do not fit onto categories like ‘intrinsic’ and ot@xtual’ — only parts of these dimensions fit ietch of
these categories.

This is difficult to get clear, and so we shaludtrate the problem here very crudely (see Table 5:
Dimensions fall into multiple categories), usinge tintrinsic-accessibility-contextual-representadion
categories of Wang (1998), and the well-known disi@ms of accuracy, completeness and timeliness.
The core idea is that accuracy has aspects thahimsic, but may also have aspects that fallarnd
accessibility, contextuand representational features, as do both completemestimeliness. Accuracy
itself is not entirely intrinsic or representatibnand so on, but shows aspects of all of the caieg
Ultimately, as we have argued, all dimensions apgse-relative.

intrinsic accessibility contextual representational
Metrics that measure Information about Features of some or all ¢fFeatures of the presentation |of
elements of accurg-such ‘intrinsic’ | the ‘intrinsic’ metrics, rele{ the ‘intrinsic’ metrics that allow
cy, defined only on metrics, concerning vant to the purpose fgrthe user to use it effectively for
the data itself. availability to the| which the information will| his or her purpose

user be used
Metrics that measure Information about Features of some or all ¢fFeatures of the presentation |of
elements of coms: such ‘intrinsic’ | the ‘intrinsic’ metrics, rele4 the ‘intrinsic’ metrics that allow

pleteness, defined metrics, concerning vant to the purpose fgrthe user to use it effectively fq
only on the data availability to the| which the information will| his or her purpose

=

itself. user be used
Metrics that measure Information about Features of some or all ¢fFeatures of the presentation |of
elements of current such ‘intrinsic’ | the ‘intrinsic’ metrics, rele{ the ‘intrinsic’ metrics that allow
cy, defined only on metrics, concerning vant to the purpose fgrthe user to use it effectively for
the data itself. availability to the| which the information will| his or her purpose

user be used

Table 5: Dimensions fall into multiple categories

We hope the intended point is clear: aspectldbur columnsn Table 5: Dimensions fall into multiple
categories feed into an overall measure of the racyuthe completeness, and the timeliness of the
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information, in so far as these are dimensiongxtdelf.

This means that, while useful, this fourfold catégation of dimensions does not categorise dimessio
themselves, but something else. That somethirg islselated to the kinds of category concepts that
have been offered as useful up until now, but itasrelated in the ways that have been assumenhtilp
now: dimensions do not map onto categories 1-. dlwenot map in such a way that each dimension can
be allocated to one, and only one, category. iBhghat creates a problem. And although there beay
other difficulties, this one by itself is alreadg significant to be sufficient to explain the laok
convergence in the debate on categories of IQ ditoes. Different scholars, with different intuiti®
about the most importaispectof accuracy, completeness and timeliness, willrzdlly allocate these
dimensions to different categories.

The search for categories continues despite thobl@m, because there is a real need for something
intervening between dimensions of 1Q, and IQ its&lf give structure for thinking about IQ and its
dimensions. But current approaches are not likel\succeed, since they all attempt to map each
dimension to a single category. The risk is thagrder to fit square pegs in a round holes, tiations
between the two are made increasingly loose, dittis achieved only by means of irrecoverable
vagueness. We shall attempt to use the insightsloleed here to make a positive suggestion to muwe t
debate forward by splitting the dimensions. Itiigiathis will make both categories and dimensitewss
intuitively meaningful, but we hope to show how tbgerall framework ultimately recovers the
meaningful aspects of both category and dimensong currently in use, while still clearing awayrso

of the current confusion.

3.2 What is IQ a property of? Towards a classificat for IQ dimensions

We shall now try to get more precise about thedledsarned from the discussion above, and begin the
task of designing a classification of IQ dimensidimat can generate settled agreement. We shalkarg
that what is vital to understanding IQ and hendeadable to generate settled agreement in therdifte
approaches to IQ is the answer to the question uteaitlylQ itself and its dimensions are properties of.
We first note the complexity of the problem. Bat@md Scannapieco (2006) write: ‘definitions do not
provide quantitative measures, and one or moreicsedre to be associated with dimensions as separat
distinct properties. For each metric, one or moeasarement methods are to be provided regarding ...
(i) where the measurement is taken, (ii) what daéeincluded, (iii) the measurement device, angtfie
scale on which results are reported. Accordinght literature, at times we will distinguish between
dimensions and metrics, while other times we wilkectly provide metrics.” (Batini & Scannapieco,
2006, p. 19) In order to answer the four questimesbegan with, and so lay out a framework for
consistent settled thinking about 1Q, it is nott jdsnensions that we need to map onto the categorée
have in mind: ultimately we also need to lay o thlations between dimensions, their categoried, a
metrics and measures.

We shall begin, then, by examining a suggestedifieation of IQmetrics by Keeton et al. (2009 pp. 2-
3). (The construction of Table 6: Keeton, Mehra & Mg#' classification of IQ metrics is ours):

“page numbers for this paper also refer to a maipasapy.
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Standalone | ‘Standalone IQ metrics are independetiecuse the information is put to, and can beddly
measured by the information producer. They incldday recent is the data? how complete is
it? how accurate is it? how representative id isgmpled)?’ (2)

Context- ‘Context-dependent IQ metrics can only be calcdlatdative to the context and needs of the
dependent | information consumer. They generally cannot bewatad by looking solely at a single infgr-
mation source.’ (2)

Composite ‘Composite IQ metrics are measures talkeoss multiple sources. For example: is this data
source unique, or is there a duplicate copy obkdénalsewhere? Do these two sources agree
(e.g., the strength of correlations or duplicateecage between them)? Do we know the infor-
mation’s provenance? Is it auditable? Which sowfeeuld be trusted more for the desired
purpose?’ (3)

Table 6: Keeton, Mehra & Wilkes' classification oflQ metrics

It is not difficult to see that these metrics alassified according to what they are defined onictviof
course reflects what they are measures of. Staneahetrics can be measured directly by a single
information producer, independently of the user,ttasy are defined on the data held by a single
producer. Contextual metrics can only be calcdla&tative to the needs of the consumer, as they ar
features of the relationship between the data angesontextual element.
The classification above is quite specific to nestrrather than dimensions in general, but it atcarith
our view of the importance of the question of wh@tis a property of. What 1Q and its various
dimensions and metrics can be defined on, and s they actually track, is something well worth
representing in a classification of IQ dimensiond anetrics.
Consider what 1Q could be a property of. Naturdtlys a property of information, but what infortian,
exactly? There is a surprisingly large numberasfdidates:
- Single data item;
- Set of data about a particular worldly item;
- All data about a particular class of worldly items;
- All data in a database;
- Whole information system, even if it accesses pldtdatabases;
- Single data source;
- Whole information system, even if it accesses mldtdatabases, some or all of which use
multiple sources;
- Whole dynamically evolving information system, scluding 1Q improvement measures which
operate over time;
- Relation between entire (dynamically evolving) mmh@tion system and a data consumer with a
particular purpose (possibly a long-term one) inahni

This list is probably not exhaustive. It may seahd to count the later possibilities as possiblrées of
IQ. But data is usually a collective. We do nstally worry about the quality of a datum, althowgt
might, of course. However, clearly multiple daiaa collective of information, are legitimate bexar of
information quality. As soon as that is noticdtg gjuestion of what collective we have in mind when
assessing 1Q is a natural one, and a questiongh@portant for understanding 1Q. It matters fdrat

we count as, most obviously, completeness, busd@ matters for other dimensions. If we think o th
collective as the whole functioning information t&ya, then dynamic properties of that system, sisch a
correction mechanisms, become legitimate partseobearer of 1Q.

Recall what we have indicated as the fundamentddlpm: that defining, modelling, and implementing
good 1Q requires transforming purpose-relativeuesg of a whole information system into, as faisas
possible, proxy indicators of 1Q. These proxy cadors are, as far as is possible, intrinsic festur
qualifying only parts of the system itself, rathlban properties of the relationship between théegys
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and its context. This means that they are feattlras can be defined on, and are properties of, the
system itself, isolated from the world and from fheposes of any user. Now, a settled classifinaio
standard IQ dimensions and metrics along the lofeshat they are properties of would seem likely to
help in the enterprise that engages with the fureshdah problem.

This idea offers a way of categorising 1Q dimensitimat might lead to agreement and so convergence.
We also hope to show that it will maintain somehaf intuitive notions already in use, such as ifirgic’

and ‘contextual’, which are already functioning fudlg in the debate. These notions will be recaixe

from the end result.

3.3 A new classification
The idea of a new classification is to look cargfak the information system, and identify partdtahat
are different bearers of properties relevant todf@ating a diagram with spaces for each. Themn sta
identifying the elements of the IQ improvement peog: 1Q itself, dimensions and metrics that you wan
to map. Then map the elements of the 1Q improvermpeagram onto the spaces representing the bearers
of the property. Note that the mapping from dimemgo category is not 1:1 but 1:N. Note also that
there are twdkinds of things that might be bearers of propertiesvahé to 1Q, and the two must be
distinguished:
1) Parts of the information system before you:
- in which case the important thing is to get cleamdich parts, as there may be several
that are useful to distinguish.
2) Relations between the information system and samg#xternal to it, its ‘context’. This most
notably includes:
- the relation (deployment) between the informatigstesm and the purpose of the user,
and,
- the relation (reference) between the informatistesy and the external world,
particularly aspects of the world represented sdmeegvin your information system.

The difference between these two can no doubt pesented successfully in a myriad of ways. In
our example below:

1) Properties of parts of the information system ft&al into columns, headed ‘Data, or the data
in a particular population’, ‘a particular sourdardormation’ ‘information in the single informattn
system in front of you’, and ‘information acrosseel information systems’ to discriminate

different parts of an information system that maJiwe worth distinguishing.

2) Relations between the information itself and itateat are represented by the ‘open’ columns
on either side of the columns for the informatigatem:

- The left hand one ‘relation between the informasgatem itself and the world’ allows
representation of relations between the proxy eigics that can be defined on the
information system, and features of the externaldwvat arenot the user or the purpose
of use.

- The right hand one ‘relation between informatiostsyn and the purpose of the user’
allows representation of the other relational fesgLof 1Q.

We have made an initial mapping of some existingnedisions and metrics into this space.
CAPITALISED words represent 1Q dimensions, while rd® in lower case represent metrics or
measures. A single row of the table contains me#ind measures that are related to the dimenksion a
contained in that row — specifically, they are uasgroxy indicators of the quality of the dimemsio

This kind of mapping could usefully be done witty&mnd of element of 1Q, including entirely new met
rics, which may require more elements of the infation system and its context than we illustratewel
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to be identified as bearers of the properties measuHowever, we will illustrate the idea of thepa
ping rather crudely and briefly using dimensionsl anetrics discussed by Batini and Scannapieco
(2006), and using abstract descriptions of somiekinds of things that we might want to identify
the bearers of the properties we are interestashien defining and constructing measures for IQ im-
provement. We begin with the dimension of timedimén Table 7 below.

What is 1Q a property of?

The relation | Data, or the| A particular | Information in | Information The relation
between infor- | data in a par- | source of in-|the single in-| across several| between infor-
mation system| ticular popula- | formation formation sys- | information mation  system
and world tion tem in front of | systems and the purpose
you of a user

Rapidity of | Volatility Currency Currency TIMELINESS
change in the

target population

Table 7: Timeliness and associated metrics

The idea is that timeliness is the dimension of Wijch is relative to the purpose of use as already
explained above. Currency is a metric which caddfaed on the information itself, using somethasg
simple as an update date, and it can be defineédformation in one system or several, so thatlisfa
into multiple columns. Currency does not yielddlmess, though, because whether an update date of
two months ago is ‘recent’ depends on the volgtdit the data in question — how rapidly the valoés

the data change. If your information is a housdressk, then 2 months ago is recent. If your inédiom

is levels of glucose within a metabolising celljsitthoroughly obsolete. Volatility measures chairge
data, and of course this depends on the rapidithafge in the real-world target population.

With this simpler example in mind, we add other elimsions of usable accuracy and completeness in
Table 8 below. The mapping is very far from contgler exhaustive. It is meant merely to illustrate
We suspect that this kind of mapping may be usefahany attempts to improve and better understand
IQ, but that different aspects of the informatigstem, on which different more specific metrics nbay
defined, will be more or less useful to identifydifferent cases.

What is 1Q a propertpf?

The relation | Data, or the| A particular| Information in | Information The relation be-
between infor-| data in a| source of in-|the single in-| across several| tween information
mation  system| particular formation formation information system and the pur-
and world population system in front | systems pose of a user

of you
Rapidity of | Volatility Sources may be Currency Currency TIMELINESS
change in the characterised
target population by usual quality
Semantic accural Semantic Sources may be Syntactic accui Syntactic accui USABLE
cy accuracy characterised | racy racy ACCURACY

by usual quality] Comparison Comparison

functions functions

Edit distance Edit distance
Open World| Population Sources may be Attribute com-| Attribute com-| COMPLETENESS
Assumption completeness| characterised | pleteness pleteness
versus Closed by usual quality| Entity com-| Entity com-
World Assump- pleteness pleteness
tion Column com-| Column com-

pleteness pleteness

Table 8: Other dimensions and their associated matrs
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As for timeliness, usable accuracy, and completemnéth respect to purpose are the true dimensibns o
IQ, and, as we have argued above, they are depeadehe purpose of the user. Well-known metrics
that are used as indicators of these dimensiondeatefined on a single information system, and on
multiple information systems. Some can be definec @ingle attribute, such as attribute completenes
In both cases, again, there is also an importaatioa to the world. Semantic accuracy concerns
whether the information in your system matches elgprvalues, while choosing between closed or open
world assumptions involves making a big assumptiowhich should be marked — about the relation
between the information in the system and the worldgain, useful relations between metrics as
indicators of quality dimensions, the purpose eftiser, and the nature of the world can be sedroldi

in this manner.

The simplified mapping above was achieved concdlgiuzy examining the definitions and measures to
pick out precisely what aspects of the informasyatem they are defined on. Nevertheless, sonte qui
interesting conclusions can be drawn. First, itvigth putting quite a few different elements oé th
information system into the columns for this magpiand it is not difficult to think of more thingbat
could usefully be represented. Second, many oftbments of 1Q are properties of relations. Even
some, such as semantic rules and integrity consétaivhich can be defined on the information system
itself, are properties of quite complex relatiopshi They remain properties of the information eyst
itself, because those complex relationships armskeé/es internal to the information system. Bueno
that semantic rules are often, if not always, aoresédsuccessfullyusing world-knowledge. Third, as
expected, even though the dimensions of 1Q therasedve properties of the relation between the whole
information system and the user, some elementdl aff ahem, particularly metrics used to measure
them, can sensibly be defined just on the inforomasystem itself, so allowing such metrics to be
properties of that system.

Finally, we note that another problem becomes ekFgr in the process of doing this mapping. Ithmig
be thought of as the other side of the purposel@mob Sometimes it is essential to represent eXiglic
relations between something in the information esystor the whole system, and the world. Some
completeness and accuracy measures cannot elintimateThere is also a further feature that rezeiv
insufficient attention: many of our design metriaich can be defined on the data, still dependihea
on world-knowledge for their design, and for ounfidence that they will work. This is true for semtia
rules constructed after the fact for survey datahsas that someone who is 10 years old cannobelso
parent. It is also crucial in the choice betwelea open world or closed world assumptions used to
design completeness measures. Any such world-letmel is empirical and contingent, and might
change. Like the purpose problem, this should &lsoexplicitly represented, so that it cannot be
forgotten in IQ improvement programmes.

3.4 Discussion

The idea has been to move from a hierarchical @gtan of IQ dimensions and metrics to a relatlona
model linking 1Q dimensions and purpose. To thid,ghe previous mapping offers several advantages,
including the possibility of convergence of a clisation of IQ metrics and dimensions, a classifion
sensitive to what IQ improvement programs are yeating to do, a clear indication of potentialfplts,

and finally a valuable recovery of important conselike ‘intrinsic’ and ‘contextual’. We shall bfig
comment on each of them in turn.

First, convergence should be encouraged by thigpmgpbecause it should be possible to map metrics
and dimensions onto this kind of space, and usigfusharpening up their definition, and their
interrelations. Deciding what such things are prtips of — what they can be defined on — is aenait
objective assessment and should be much easigreée an than whether entire 1Q dimensions are, for
example, ‘intrinsic’.
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Second, this kind of mapping lays out the tool$improvement in a way that is sensitive to wi@t |
improvement programmes try to do. It lays out thkationship between metrics that are genuinely
objective measures of the data itself, and highisppse-dependent features of the whole system. The
place of such metrics as mere indicators of thatimal IQ dimensions is clear. The tables give a
representation of the scale of the problem, and igHaeing done.

Third, as a complement to the table laying out wisiefatures of tools, it also represents the gafisese
mappings visually represent where the enterpridending intrinsic features of the information totas
proxy indicators of properties of relational feasiis forced, where the metric or dimension isaperty
of a relation. The forced nature of proxy indicatof the quality of the information for the purpssof
the user will not be blurred or easily forgotterimsuch maps in mind.

Finally, this mapping allows the recovery of somgportant intuitive terms in the literature, butrirore
precise form. We suggest that intrinsic 1Q meteos those that can be defined solely on the irdgion
system itself, such as some specific completenessas. These are properties of the informationest,
and our mapping still has the advantage of encaugagpntinuous attention to exactly what feature of
the information stored they are properties of. eNdhough, that it tends to be only metrics, anly on
some of them, which are intrinsic in this sensed /& so far as such metrics relate to 1Q, theyahnays
proxy indicators of a more complex relational pmipe Contextual features of 1Q are those which
attempt to measure something about the relatiortsdtipeen the information system and its contexe W
have now identified the two crucial features ofttbantext: a) the relation between the information
system and the purpose of the user, b) the reldieiween the information system and the world,
including of course features of the world explicitepresented, such as birth dates, but also i
the world used to construct appropriate semantitesrufor checking consistency. Ideas of
‘representational’ and ‘accessibility’ relationgdess easy to define precisely. But we suggest dne
thought of explicitly as themselves features of tekationship between the information and the user,
which is an idea that requires future work.

Ultimately, our mapping has many advantages, acdvess the intuitive usability of terms that are
performing a useful role in both the literature gmdctice.

4 CONCLUSION

We have briefly summarised our reasons for thinkiveg the purpose problem for 1Q is serious, ard th
much of the work on IQ responds by looking for graxdicators of IQ that can be defined on features
the information system itself. We have offered approach to mapping elements of all major concepts
engineered for IQ improvement onto a space desitmeepresent what they are properties of. This is
our first attempt to address the four interrelajadstions with which we began:

1. What is a good general definition of 1Q?

2. How should we classify the multiple dimensions@¥?1

3.  What dimensions of IQ are there, and what do ketufes such as ‘timeliness’, ‘accuracy’ and

S0 on mean?

4. What metrics might one use to measure the dimessiblQQ, bearing in mind that more than

one metric may be required to yield an overall meagor a particular dimension?
Our mapping offers a way of seeing the problemd tait collectively, showing how much in common
they have. Fitness for purpose is vital to IQ, ahduld inform understanding of the purpose ofessit
fication, and also identification of dimensions ahd design of metrics. It is due to the diffiguitf ad-
dressing the fitness for purpose problem that eefare used, as they are, as proxy indicatorsrpioge-
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dependent dimensions. This research will contimpexamining further metrics and adding to the map-
ping above, and expanding understanding of how dineylesigned to meet the purpose problem.

We shall now conclude this article by making a femther remarks on the purpose problem. The pur-
pose problem looks daunting when it appears to thd@lyvdifferent in kind from any other problem deal
with in designing 1Q metrics. It appears differénit alone involves human subjectivity, humaneint
tion, human minds. But a final advantage of ouppiag is to show that, while difficult, the purpose
problem is not wholly different in kind from othproblems that are dealt with very successfully.e Th
purpose problem is just that some IQ concepts ahiptits dimensions — are properties of the refatio
between the information system and the purposkeotiser. It is the other side of the problem suate

IQ metrics are properties of the relation betwdwnimformation system, or aspects of it, and theresl
world.

Further, properties of relations are not in thewneelintractable. Relational properties internathe
information system itself are frequently definedyevell, such as integrity constraints. The pugpos
problem is just that the bearer of some featurd®a$ the relation between system and purposesef.u

But there is nothing here that can't be measuregrimciple. The relation might be imperfectly meas
ured, perhaps, but no more imperfectly than sortegioeal features internal to the information syste
itself are measured. |If the purpose requires speae than accuracy, this trade-off can be assessed
proxy measures found and implemented. If the mepequires completeness, this too can be assessed,
measures created and implemented, then testeddarsieal, and so on. From another point of view, we
could track user choices, given stated purpose,lesth how to improve measures of the relation be-
tween the system and purpose that way.

To summarise: one side of the problem is just Weahave to relate the information system to theldvor
This is probably going to mean that some measuiésamain ineliminably domain-specific. The other
side is that we have to relate the informationesysto the purpose of the user. So some measulles wi
remain ineliminably purpose-specific. These twe aoth ineliminably contextual — but tractable —
features of 1Q.
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Abstract: Data and information quality is a well-establidiresearch topic and gradually appears on theidaeis
makers' top concern lists. Many studies have beedwucted on how to investigate the generic datarfinétion
quality issues and factors by providing a high-lakestract framework or model. As a result, a nundfelata and
information quality methodologies and frameworkséhdoeen developed and made available to organisatio
Across all examined methodologies and data quatiprovement frameworks, this study found that alifio data
quality root cause analysis (RCA) is regarded agssential data quality improvement method, therkniited
guidelines on how to conduct RCA to investigateadaiality problems.

Key Words: Data quality, root cause analysis, root causas, quality improvement, data quality methodology

INTRODUCTION

To begin, it is noted that data and informationaften used synonymously particularly when addregsi
quality issues. In practice, managers differentiak@mation from data intuitively, and describdéarma-
tion as data that has been processed. Unlessispeailfierwise, this paper will use data interchabge
with information, as well as use Data Quality (D@erchangeably with Information Quality (1Q).

It is generally agreed now that a lot of intelledtproperty is locked in enterprise data repossrEn-
terprise data and in