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FOREWORD

WELCOME to the 12" International Conference on Information Quality (ICIQ-07). This
year, as in previous years, the international information quality community is gathering to share ideas,
research and improvements in information quality. Local, national and international participants have
shared over a decade’s worth of great papers, talks, outstanding research and practice; with this event
we will continue the high level sharing. An applied, multi-disciplinary field such as Information
Quality demands interaction and collaboration between practitioners and researchers. The ICIQ
Conference has been instrumental in establishing a premier forum for the community of IQ
researchers and practitioners.

We wish to extend our acknowledgement to all conference participants and thank them for
their contributions. The Call for Paper response was extraordinary in both quantity and quality. The
collaboration between practitioners and researchers continues with each extending the boundaries of
quality research and practice. This year we welcome more international participants, many from
countries with no prior representation. We thank you all for your contribution in establishing IQ as a
multi-disciplinary field and pushing research to be even more useful and practice-oriented.

The University of Arkansas at Little Rock (UALR) has received final approval to initiate a
new Information Quality PhD program. The Master of Science in Information Quality (MSIQ)
program at the university continues to flourish. The program, first announced at ICIQ-05, is the first
of its kind and offers a model for educating practitioners and fostering new research. Elizabeth
Pierce, John Talburt and Ningning Wu continue to support the MSIQ on-campus program and
distance education component of the program, planned. The MIT IQ Program and the ICIQ
Conference continue to play a vital role in the development of this first MSIQ program with Richard
Wang holding the position of Visiting University Professor of Information Quality at UALR, and
many conference participants assist the program. Currently several other schools are moving in this
direction; new master’s programs in Information Quality are already in development at the University
of South Australia and the University of Westminster in London.

The recent launch of the ACM Journal of Data and Information Quality (JDIQ), clearly
establishes information quality as an important area of information technology research. Best paper
and other high quality papers accepted at ICIQ were recommended for fast-tracking to JDIQ. We
owe a debt of gratitude to the Editors-In-Chief Yang Lee of Northeastern University and Stuart
Madnick of MIT. Without their tireless effort this journal would not have been possible.

Again this year an overall “best paper” will be selected and awarded the Stu Madnick Best
Paper Award. A $1,000 prize accompanies this award. We appreciate the work of the Best Paper
Award Committee, reviewing and judging recommended papers. An “Outstanding Contribution to
ICIQ & MITIQ Program Award”, the Donald Ballou & Harold Pazer IQ Ph.D. Award, will be given
to Professor Donald Ballou, SUNY Albany, New York (Emeritus).

The program co-chairs, Mary Ann Robbert, Bentley College, Barbara Klien, University of
Michigan-Dearborn, Lynne Markus, Bentley College, and Robert O’Hare, Verizon, have worked
tirelessly to ensure a global, high quality conference relevant for academicians and practitioners. We
thank all the members of the program committee who worked hard reviewing papers and providing
valuable feedback to the authors. Their rigorous and timely reviews contributed greatly to this year’s
exciting program. Again, without the tireless efforts of Richard Wang and his team this conference
would be impossible. Thanks Rich for overseeing all stages and ensuring adherence to time frames.
Finally, we wish to thank all the authors for their high quality submissions and patience with delays
and system glitches.
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Abstract: Measurement is a key activity in DQ Management. Through DQ literature, one can discover a lot of
proposals contributing somehow to the measurement of DQ issues. Looking at those proposals, it can be found out
that there is a lack of unification of the nomenclature: different authors call to the same concepts in different way, or
even, they do not explicitly recognize some of them. This may cause a misunderstanding of the proposed measures.
The main aim of this paper is to propose a Data Quality Measurement Information Model (DQMIM) which
provides a standardization of the referred terms by following ISO/IEC 15939 as a basis. This paper deals about the
concepts implied in the measurement process, not about the measures themselves. In order to make operative the
DQMIM, we have also designed a XML Schema which can be used to outline Data Quality Measurement Plans.

Key Words: Data Quality Measurement, ISO/IEC 15939, Data Quality Measurement Information Model

1. INTRODUCTION

Typically, an organization realizes about their data quality (hereafter DQ) problems when they have just
affected negatively to the business performance. Once this has occurred, executives would quantify the
impact of these DQ problems [17] to several levels (organizational, economic, customer satisfaction, or
employee satisfaction) in order to be able to classify them and to outline DQ improvement plans.

Any DQ improvement plan must begin with the assessment of the affected scenarios to identify the
common roots of the detected problems. The assessment involves having values for DQ measures. The
main intention of these measures is to provide a quantitative meaning about how much data quality
dimensions are achieved in order to enable an adequate management [10]. Although DQ literature counts
with a great amount of measurement proposals, it has still a lot of open researching challenges [3].

We think that one of these challenges consists of the unification of the different terms provided by
different authors for the same concepts. In order to achieve this goal, an international standard about
measuring could be a good starting point. ISO/IEC 15939 [16] has been selected for this proposal due to
the similar characteristics that software and data share. The standard defines a Measurement Information
Model (MIM), which is the basis for the Data Quality Measurement Information Model (DQMIM),
described through section 2. Any data quality model composed, even a future standard containing the
most comprehensive and universal applicable set of data quality dimensions, could be used together
DQMIM, since it simply proposes a way to name the concepts participating in the measurement of the
dimensions. Please, note that the aim of this paper is not to develop data quality measures, but providing a
common nomenclature from measurement concepts to make easier the process of defining them.
Measuring data quality depends on the view of a person playing a role and judging data from the point of
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view of this role. As several roles will have different views of the same data, this must be carried out from
its data store and completed with corresponding metadata according to the selected data quality
dimensions and the point of view of the role. Section 3 covers the development of an XML Schema,
named DQXSD, for supporting the storage of data together with its metadata. In order to make operative
(computationally usable) the DQMIM, a compatible data structure must be developed. As XML is one of
the trendy and preferred formats of data interchange, we have developed a Schema for DQ Measures,
named DQMIM-XSD, which is described and exemplified in section 4. Finally, section 5 outlines the
main conclusions about this work and shows which are our future intentions.

2. A DATA QUALITY MEASUREMENT INFORMATION MODEL

2.1. Review of the related Data Quality Measurement literature.

Although many works related to measurement have been referenced through literature, we have chosen
the ones defined by [8, 17, 19, 21, 29] after having performed a systematic review of the associated
literature. These works are found as having the most representative proposals; although when necessary,
others works have also been taken into account. For instance, although we have assumed that [17] could
gather and supersede previous works by MIT people, like the one by [26], there are other works that have
been also studied and referenced, like [35].

After comparing the different measurement proposals of the mentioned authors, we thought that a good
strategy for performing the investigation would consist in following a wh-questions analysis in order to
depict a list of the used terms for the measurement concepts. In order to align the DQMIM to the working
standard, the same terms used in it are proposed to be used for the DQ measurement concepts in DQMIM
Table 1 shows by columns the wh-question, the terms provided by ISO/IEC 15939 and a third column
with the possible equivalent terms found in the literature. It is not within the scope of this paper to define
a standard measurement process or a methodology for defining measurement plans in order to depict
specific measures for each data quality dimension using DQMIM.

Wh-Question Related terms by ISO/IEC 15939 Related term in DQ Literature
Why Information Need 1Q Assessment Objectives [8], “Problem” [17], fundamental projects [11]
What Measurable Attribute Data Quality dimensions [8, 17, 19], IQ Criterion [21]
Where Entity, Attribute, Information Group for assessment[8], needed data fields[29]
Stakeholder (Measurement User,
Who Measurement Analyst, Measurement Data Customer [19], Data Producers, Data Custodians, Data Consumers and Data
Process Owner, Operator, Supplier, Manager by [35], People creating or updating a group of data [8]
User)
Whose Data Owner [29]
Measure (bast.: measure, derived Measuring [19], Judgment or Quality Criteria Assessment [8], Assessment
How measure and indicator), Measurement
Methods Scores [21]
Method
How much - Random Sample of Data[8], Sampling [17, 21, 29]
How many - Number of users providing their subjective opinion [14]
When - Frequency of IQ Criteria Assessment [4], Value Chain Information [8], Chain[19]

Table 1. Wh-Analysis for the DQ Measurement terms (running terms) found in the literature.

To gain clarity for our explanations, let us introduce an example to illustrate the running terms: Imagine
that we have an RSS document containing news published by an electronic newspaper in Internet. The
news has been purchased from a news provider. We are asked to determine if the news is reliable and
complete. In order to achieve this goal, several measurements and acceptance range might be described.

In this working example, we would follow an ideal standard measurement process oriented to depict the
corresponding measures and ranges. We would first like to know from a Data Quality User
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Requirement Specification (DQ-URS) why it is required to determine if the news accomplishes or not
the two given requirements. Then, we need to know what “reliable” and “complete” mean for our
interlocutors, and how we can measure how much reliable and how much complete the news is. Next, we
would have to obtain the corresponding measures from the RSS file. Finally, the ideal standard
measurement process would finish by reporting to our interlocutors the results of having compared the
measures against the acceptance ranges.

Across following subsections, an analysis of the answers to these wh-questions is performed to develop
the DQMIM. At the beginning of each subsection (see tables 2, 3 and 4), a table, containing a selection of
the running terms from ISO/IEC 15939 and their equivalent in DQ field when exits, introduces the terms
which are going to be dealt in each subsection.

2.2. Why to measure.

Concept Meaning in ISO/IEC 15939 DQ Term
1Q Assessment Objectives [8],
Information need An insight necessary to manage objectives, goals, risks and problems “Problem” [17],
fundamental projects [11]
Measure (verb) _ TO. make a measur‘ement : Metrics [8, 17, 19],
Measure (noun) A quantitative or categorical representation of one or more attributes.
- - ; — Measures|[8, 29]
Measurement A set of operations having the object of determining a value of a measure.

Table 2. Concepts from ISO/IEC 15939 used to model the ‘Why’ Question. [16]

Although it may seem too obvious, we think that our first task in performing the DQMIM might be to
review the meaning of the concept “measure”. According to ISO/IEC 15939, measure is “fo make a set
of operations having the object of determining a value of a quantitative or categorical representation of
one or more attributes” But “measurements should have a clearly defined purpose”. This purpose for
measuring the data quality of a scenario is to satisfy an “information need” to manage objectives, goals,
risks and problems (see Table 2). The terms “metric” should be no longer used as synonymous of
“measure (noun)” according to the standard.

Knowing the information needs, a measurement plan can be drawn to determine (a) what measure, (b)
where the objects to measure are, (c) how to measure these objects, (d) how many objects are necessary to
inspect in order to have a statistically significant evidence about the degree of satisfaction of information
need, (¢) who must design and implement the measurement procedures, (f) whose the objects to measure
are, (g) to whom results must be delivered and finally (h) when measures might be done, so as to not
interfere in any of the measurement or information manufacturing process.

In DQ field, there are some equivalences for the term “information need’: [8] provides the term
“information quality assessment objectives”. Examples of these information needs provided by this
author are “understand the state of quality in a database”, “identify information manufacturing processes
requiring improvement”, or “assess a certain data quality dimension”; or as [22] propose, measure the
problems of a relational database. [11] identify four types of fundamental projects as information needs.
In our working example, our interlocutors want to measure the reliability and completeness of the news
because these two factors are demonstrated to be very important for their business (e.g. a quality opinion
poll to their readers has reflect them as the most critical factors to visit the web). So, their information
need would be clearly described as follows: “Interlocutors want to know whether the data quality of the
news published in their web satisfies their customers”.
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2.3. What and Where to measure.

ISO 15939 Concept Meaning in ISO 15939 DQ Field
Measurable A concept whose measurement satisfies different information Data Quality dimensions [8, 17, 19], IQ
Concept needs Criterion [21]

A property or characteristic of an entity that can be distinguished

M le Attributy .
casurable Atribute qualitatively by human or automated means

Information Group for Assessment [8]

An organized and persistent collection of data that allows its Relational Database, Object Relational, XML,
Data Store .
retrieval Spreadsheet.
Entity An object that is to be measured Data Models, Data Values, Data Policies,

Table 3. Concepts from ISO/IEC 15939 used to model the ‘What’ and ‘Where’ Questions. [16]

As previously said, a person responsible for assessing and improving data quality must analyze the Data
Quality User Requirements Specification (DQ-URS) looking for what is required to measure and where
the objects to be measured are. The response to the “what” question are the “measurable concepts”
(ISO/TEC 15939) for the “measurable attributes” of the “entities” which users consider to be implied in
the measurement process. Measurable concepts are what in DQ field have been traditionally named as
data quality dimensions. Perhaps, this is one of the most treated concept in the literature because it is the
basis to understand what DQ means to the different users [28]. Descriptions of DQ dimensions and
discussions about which are the most important ones can be found among others in [1, 3, 8,9, 13, 17]. A
lot of researchers have identified the dimensions that best fit to their problem. But there is still not a
universal set of DQ dimensions valid for any context neither an exhaustive set of measures for these
dimensions [6]. Anyway, the classification of DQ dimensions proposed by [31] is highly recommended as
starting point for most DQ managers who are working to find out the dimensions that are the most
suitable for their particular information needs. Although it is not the aim of this paper to provide another
set of data quality dimensions, we claim for a universal one.

In our working example (news), the measurable concepts are “reliability” and “completeness”. Attending
to our interlocutors requirements, we have understood “reliability” as the “extent to which news comes
from a reliable source” whereas “completeness” can be interpreted as “extent to which news has data for
all of the identified fields”

And by finalizing this part, the relationship between “information needs” and “measurable concept”
could be established as “one information need could have one or more measurable concepts”™.

The response to the “where” question is “the entities that have measurable attributes”. The possible
measurable attributes can be any of the identified by [19]. In order to gain generality, let’s name data
store (according to ISO/IEC 15939) to any “category of entities” devoted to store or to present data (e.g.
any relational database, or any XML document). [8] refers to files or processes to be assessed.

Although it is assumed that entities refer mainly to data stores, there are others which are susceptible to be
measured. Following paragraphs provide a discussion about the measurable attributes identified by [19].
Depending on the kind of attributes to be measured, some entities are susceptible to have measures
classified as structural (data models, data presentation and data quality policies) or derived by their
content (data values and data domains) [10].

For the case of data models, a distinction could be done between conceptual models and logical models.
For conceptual models, measurable concepts can be found in the works of [2, 30] and related measures
are covered by [12, 18, 20, 25]. For the logical model, measures proposals can be found in [5, 24]. Please,
realize that while previous works could not treat directly data quality of the data values, the main results
can be used as a basis for defining measures.

On the other hand data quality measurements for data values are intended to get values about data
contained in data stores. As this has been one of the main focuses of the DQ literature, it has been widely
studied.

A value for a data is always taken from a data domain. 1If domains are not correctly defined, data store
can be populated with incorrect data. Since a data domain is itself a set of data, it is possible to measure
its data quality trough measurable concepts like completeness or accuracy [29].
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Other important category of entities which must be highlighted is that one dedicated to present data to
users: the user interfaces devoted to data presentation. Since they are the main user contact with data, the
way in which data is showed must be also measured. For instance, the works by [7] are oriented to
measure the data quality of the web portals as being user interfaces.

Finally, facts demonstrate that DQ is preferably attainable through management by integrating
corresponding managerial actions into the organizational context through organizational DQ policies [17].
The DQ organizational policies are a way to “universalize” learned lessons through experiences regarding
to how manage DQ measurable concepts, DQ risks, and how to modify data and process models to align
it to “best DQ practices”. [19] propose to measure the quality of the organizational policies from the point
of view of DQ.

The existing relation between “measurable concepts” and “entities” is that “a measurable concept can
involve one or more measurable attributes belonging to an entity”.

For the working example, the entity is the RSS document (an XML one), while the measurement
attributes are data values, which can be found in the elements with their corresponding attributes
(“elements” and “attributes” are here defined as a part of an XML file [32]).

2.4. Who must measure and whom entities to be measured belong to.

ISO 15939 Concept Meaning in ISO 15939 DQ Field
People creating or updating a group
of data[8]; Collector, custodians,
consumer [17]; Data Customer,
Data Manager and Data
Manufacturer, Data Supplier [35];

Table 4. Concepts from ISO/IEC 15939 used to model the ‘What’ and ‘Where’ Questions. [16]

An individual or organization that sponsors measurements and provides data

Stakeholder .
or is a user of the measurement results.

In order to assess and improve DQ in an organization, it is necessary that a team charged with enough
knowledge and responsibilities on both information manufacturing and data quality management
processes identify all the “stakeholders” involved in the measurement process. The functions of these
stakeholders depend on their role on data. [35] identifies as possible roles for stakeholders: “Information
Supplier”, “Information Manufacturer”, “Information Consumer”, and “Information Managers™ (here,
author uses indistinctly “data” and “information™). It is up to Information Managers to design, lead and
obtain conclusions about the results of the measurement process. [19] recommends to identify data
consumers as a key to perform a successful assessment, highlighting that not all data consumers are
necessarily humans, but other processes working on the same or different information systems. [29]
proposes not only to identify the data consumers (or customers) but also, learning how they use data to
determine required features and required quality levels. The same measurable concepts could be measured
in different ways depending on the role: two different roles may require the same measurable concepts but
with different information need.

When designing the measurement process, the DQ measurement team must take into account to whom
entities containing data to be measured belong. This kind of stakeholders is called “data owners”. This
fact is important because, sometimes, data is only measurable by its owner(s) or by people having been
granted access to it.

For the working example, the “data supplier” is the news provider, the “data consumers” are the
customers or readers of the electronic newspaper; the “data manufacturer” is the set of processes that get
the news from the news provider and format it and show it to the data consumers; and finally “data
managers” and “data owners” are our interlocutors.
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2.5. How to measure and How much data is involved in the measurements.

1SO 15939 Concept Meaning in ISO 15939 DQ Term
Base measure An attribute and the method for quantifying it. Metric, Measure
Derived measure A measure that is defined as a function of two or more base measures Metric, Measure
. - Numerical threshold or targets used to determine the need for action or further .
Decision criteria . Lo . X . Indicator
investigation, or to describe the level of confidence in a given result.
Function An algorithm or calculation performed to combine two or more base measures. -
. An estimate or evaluation of specified attributes derived from a model with
Indicator . . -
respect to defined information need.
Measure A quantitative or categorical representation of one or more attributes. Metric, Measure
Measurement A set of operations having the object of determining a value of a measure -
A logical sequence of operations, described generically, used in quantifying an
Measurement method s qu op o generica’ly, u qu ymg -
attribute with respect to a specified scale.
Measurement A set of operations, described specifically, used in the performance of a
procedure particular measurement according to a given method
An algorithm or calculation combining one or more base and/or derived
Model . . .. o -
measures with associated decision criteria.
. An instance of applying a measurement procedure to produce a value for a
Observation ppPiying P p -
base measure.
An ordered set of values, continuous or discrete, (or a set of categories) to
Scale valu tinuous or discrete, ( gories) Scale [27]
which the attribute is
The type of method depends on the nature of the operations used to quantify
an attribute. Two types of method may be distinguished: Subjective
Type of method . L typ . Y SuIsh )< . -
(quantification involving human judgement) and Objective (quantification
based on numerical rules)
A particular quantity defined and adopted by convention, with which other
Unit of measurement quantities of the same kind are compared on order to express their magnitude -
relative to that quantity.
Value. A numerical or categorical result asslgr}ed to a base measure, derived measure Metric, Measure
or indicator.

Table 5. Concepts from ISO/IEC 15939 used to model the ‘What’ and ‘Where’ Questions. [16]

This is likely the issue requiring more attention than any other. Once one or more measurable concepts for
each information piece need to have been identified from DQ-URS and, being clear where the measurable
attributes belonging to the corresponding entities are, the next step is to define the measures themselves.
ISO/IEC 15939 classifies measures as follows: “base measure”, “derived measure” and “indicators”
(see Table 5). The way of how a measurable concept is really measured is implemented through the
measurement method on the measurable attributes. The standard identifies two kinds of measurement
methods: objective and subjective. In DQ field, this difference has also been observed by several authors
like [27]. Due to the subjective character of data quality, it is important to stress the difference between
the concepts of measurement ( “measurement is the act of assigning a number to an attribute of an object
being observed’) vs assessment (“the classification of someone or something with respect to its worth”).
Whereas the first term is intended to define and operate with quantitative values (possible “types of
scales™ are ratio or interval), the last is intended to define and manage qualitative values (possible type of
scale are mainly ordinal, since nominal has no sense in this context because it would only allows a
classification, but not an assessment because it lacks the idea of order).
For each measure, a scale (which implies to select a domain of possible values) and unit of measurement
must be provided. Table 6 shows the particularization of these terms for our working example.
Since data quality is a subjective concept, and the treatment of its subjectivity has been longer discussed
through literature, it is worthy to slowly analyze this issue. According to DQ literature, typical DQ
measurement methods for data values are enunciated by implementing a formula like the following one
(3,171

Ratio = 1-[NumberOfDataUnitNotSatisfyingACriterion | TotalNumberOfDataUnits)
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Measurable Concepts
DQMIM element Complet Reliability

Measure Completeness (NewsInRssDocument) Reliability (NewsInRssDocument)
“Compute the ratio of news (elements) having values for

Measurement Method all of the defined items” Compute the ratio of news having a reliable source
Scale Ratio Ratio
Domain of values [0,1] [0, 1]

“Number of pieces of news having values for all
attributes”.

Table 6. Measurable concepts for the working Example

Unit of measurement

“Number of pieces of news being reliable”.

In the previous formula, a derived measured is depicted. The formula corresponds to the “measurement
function”. The measure is composed by two base measures: a
NumberOfDataUnitNotSatisfyingACriterion and a TotalNumbersOfDataUnits. The measurement
method for the former is objective: it simply consists in counting the number of data units accomplishing
the criterion. This criterion is usually a business rule [8, 19, 35]. The result of deciding if the data unit
satisfies the criterion can be “True” or “False”. So, in order to obtain a value for the
NumberOfDataUnitNotSatisfyingACriterion measure, a count of data unit having obtained a “true” value
must be performed. The intrinsic difficulty is addressed at deciding if the data unit satisfies or not the
criterion. To make a decision, a rule is needed. This rule can consists of objective or subjectively
determining if a value related to the data unit belongs to its given domain. Sometimes, the same data unit
contains information enough to make a judge, whereas other times, metadata completing the data unit
meaning in the address of the measurable concept is necessary. [21] identifies the following as possible
sources for values of metadata: a stakeholder, the information manufacturing process or even the same
data store. Different authors in DQ field agree that values for metadata coming from a user are likely
subjective, while the coming ones from the data stores are objectives. Table 7 shows several examples of
scenarios with different kind of judgments.

Objective Judgment Subjective Judgment

The study of added-value of a data: somebody wants
to buy a digital camera. He or she is interested in only
specific technical characteristics like optical zoom. If
manufacturer provides data about power (an objective
value), the added-value to the piece of data about
camera is doubtlessly increased. Now, user can
decide if the new supplied value make better or not the
information about the camera.

The study of timeliness for a job offer published in the
Internet with a starting and a finish date of validity.
Objective Values Website provides these both data to user, who can
make and objective judgement by comparing the
interval against current day.

The study of believability of a new published by a
newspaper and provided by a news agency.
Somebody, who has to use the news establishes on his
or her own experience how much believable the news
agency is and provide a representative value which is
used by the same person to make a job.

In the study of reputation: Somebody is interested in
watching a movie. He or she is provided with a
Subjective Values subjective movie review by a valuable movie critic; he
or she assumes this critic as true (objective), and
decide if it is or not worth to watch the movie.

Table 7. Examples of scenarios where data quality is measured by making a comparison to a provided value.

It is very interesting the identification by [21] of different methods for generating values for metadata
according to the measurement concept to be measured and the source of these values (see Table 8).
Having metadata is quite helpfully to the assessment process. Sometimes, this metadata can be part of the
data model of the data store, and others, the data model need to be extended in order to store it as [23]
recommends. Section 3 deals about a proposal for a XML Schema allowing to store data with data quality
related metadata for each role participating in the measurement process.

Sometimes, something more than a simple value coming from a base measure or calculated by using a
function as a derived measure is required. It is necessary to provide a quantitative interpretation of the
measures results. This interpretation might be implemented through a numeric model that allows to
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calculate a representative value for a given measurement concept, and some decision criteria to choose
whether data is good enough for an application. This is an indicator. This term might not be confused to
“quality Indicator” given by [33].

MetadataSource Measurement Concept Methods of generating metadata
Believability User Experience
Concise Representation User Sampling
Subject Interpretability ' User Sampling
(user) Relevagcy Continuous user 'flssessment
Reputation User Experience
Understandability User Sampling
Value-Added Continuous user assessment
Completeness Parsing, Sampling
Customer Support Parsing, Contract
Documentation Parsing
Object Objec'tivity Expert input
(data store) Ifrlc'e' : Contract
Reliability Continuous assessment
Security Parsing
Timeliness Parsing
Verifiability Expert input.

Table 8. Classification of methods for generating metadata to asses Measurement Concept [21]

The relationship established among these terms is the following: a measure can be of one of these types:
base measure, derived measure (includes a function operating with other base and derived measures),
and an indicator (includes a model and decision criteria)

Analogously to what we have been doing in previous sections, we are going to illustrate the introduced
concepts through our working example. Let’s represent the provided RSS document like relational tuples
as shown in Table 9.

CodNews TextOfTheNews DataProduced CodNewsProvider
NO001 “A standard containing a set of data quality 06/29/2007 MIT News.
dimensions has been released’
N002 “SEI introduces best practices for data Null The Data News
quality management into CMMI v2.0”
NO003 “The 1" European Conference on 1Q is to be 05/25/2006 MyPersonalDQBlog.com
celebrated in Spain in 2009

Table 9. Data for the working example (news are not necessary true).

For measuring completeness, the measurement method consists of calculating the ratio of elements
having no null values. This is a derived measure which can be calculated by applying the following
function:

Completeness (NewsInRssDocument) = I-NumberOfNotcompleteNews/NumberOfNews.

The function is composed by two base measures. The second is a base measure which value can be
measured by counting the numbers of pieces of news. It is obvious that the result is 3.

The first, NumberOfNotCompleteNews, can be calculated as an objective judgment on an objective value:
“if a piece of news has null values amongst their attributes, then it is not complete; otherwise it is
complete”. Applying the judgement, it can be checked that the result is 1. Now, applying the
measurement function, the value for the completeness is 0.667 (66.7% of the pieces of news are complete)
For evaluating the reliability of the news, let’s suppose a formula like the previous one:

Reliability (NewsInRssDocument) = 1-NumberOfNotReliableNews / NumberOfNews.
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A rule showing how to calculate the reliability degree associated to each News Provider can be
enunciated as follows: “if a piece of news has been provided by a News Provider with a ‘low’ reliability
degree, then it is reliable; otherwise it is reliable”. It is important to realise that the metadata necessary
for assess each NewsProvider is not part of the data model, so it is necessary that a ReliabilityDegree
must be provided (see Table 10).

CodNewsProvider ReliabilityDegree
MIT News. ‘High’
The Data News ‘Low’
MyPersonalDQBlog.com ‘Low’

Table 10. Reliability Degree for each News Provider

By making the comparison of values of Table 9 against value of Table 10 and applying the formula, it is
also easy to get the value 0.334 for the reliability (33.4% of the pieces of news are reliable).

In order to illustrate by means of our working example the concept of indicator, let us introduce the
following one supporting the information need: DQLevelOfPublishedNews, which is intended to
determine the level of the quality of the data provided by the newspaper to its customers (please note that
this perception of quality may not be shared by the customers). The model can be enunciated as a pair:
DQLevelOfPublishedNews (Completeness, Reliability), with the decision criteria depicted in Table 11.
Acceptance Range values are the thresholds supplied for data managers. Please, note that provided values
are proposed only as example.

Complet
[0, 0.8) [0.8,1]
e [0, 0.6) “Low” “ACCEPTABLE”
Reliability [0.6, 1] “ACCEPTABLE” “HIGH”

Table 11. Decision Criteria for DQLevelOfPublishedNews (values are proposed as example)

As we have obtained a value of 0.667 for completeness and 0.334 for reliability, we can conclude that
data showed in Table 9 is “LOwW”.

When measuring data values, sometimes it can be nearly impossible to assess all the data due to several
reasons, like an unaffordable computational cost of calculating the values for the measures. In these
situations, a sample of data must be obtained. The sample must be representative of the population of data
in order to successfully extrapolate the results. [8] proposes to extract random samples of data with the
same probability of being chosen; the same authors also proposes several data sample design guidelines
for different information needs. [29] and [19] also highlight the necessity of sampling the data set. By
their side, [17] explain how to determine the size of the sampling in order to limit the amount of error.
Anyway, standards like ISO 2859 [15] could be used. Although ISO/IEC 15939 does not include
sampling, we prefer to include it in our DQMIM. So “sample size” and “sampling method” are
introduced. In our working example, as the numbers of data unit is little enough to make calculations even
by hand, it is not necessary to sample the data population.

Table 10 showed values defining a business rule, which could represent the organizational perception of
the reliability of the News Provider. These values could be given by only a person or “ranged’ from
opinions coming from several people. Anyway, the criteria used by a person to decide if the data source
‘MIT News’ has a ‘High Reliability’ level is based on his or her personal connotations with this data
source; these connotations are influenced by his or her own experience, external influence, his or her
perception of quality,... As there is not an objective way to handle these issues, uncertainty is required to
be introduced, as well as a way to manage it. For instance, let us suppose that a ballot on the value of the
reliability for each possible news provider has been held; in order to get one representative value for the
reliability of each news provider as aggregation of all opinions is necessary. Fundamentals of fuzzy logic
could be used. In this sense, [14] propose a method to obtain aggregates applied to the data quality field.
DQMIM could model this issue as a simple measurement method: the complexity is not given by the
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measure, but for the way to calculate a “mean” representing the opinion of the stakeholder involved in
deciding the subjective value for the metadata.
In our working example, values provided in Table 10 have been aggregated by consensus of the authors.

2.6. When to measure.

Although ISO/IEC 15939 does not identify when a measurement must be performed, it is really an
important issue which is worth to be included in this study. In each point of its life cycle [30], data is used
by different roles having different requirements on it for the tasks assigned to those roles. [8] suggests to
identify the information value and the cost chain, what implies that for each role, data has different value
at different moments. Therefore, performed measurement may have a different meaning.

On the other side, [19] distinguishes between a static and a dynamic way to make the measurement. We
have interpreted the dynamic way as a set of static measures performed at different points of the data life
cycle. It could be like to take different snapshots for tracking the different data quality value through
information system. [29] recommends to identify the right moment in which measurement must be done
in order to minimize cost in resources terms. So, in order to have a complete idea of what each
measurement represents, it is necessary to contextualize the measurement in a given time.

In our working example, the measurable concepts are measured before data is to be deployed to
consumers.

3. A XML SCHEMA FOR STORING DATA TOGETHER METADATA

As said in section 2.5, each stakeholder requiring to develop or to use measures on data values for
developing a work, needs the set of data to be measured for their work. It is likely that each one of this
piece of data needs to be completed with some metadata contributing somehow with a special meaning
for the measurable concept in the work that s/he is developing. [23] recommends that measures about data
quality should be stored with the data model, in order to be easily reused by other measurement processes.
But having into account that different roles can require different values of metadata for each measurement
process, it seems reasonable that a stakeholder performing a role may have his or her data together his or
her own required metadata for his or her specific measurement process. The starting point is the idea
proposed by [34], in which, the relational model is extended with an attribute-based data model to store
data related to specific data quality measurable concepts. The process is known as tagging. Since the
value of a relational attribute is the basic relational data unit, it is necessary to tag data unit requiring
metadata at this level. Its principles are built on the notion of what Wand et al., have called “quality
indicator”, that it is ‘metadata’. In [34]’s proposal, it is developed a mechanism to facilitate the linkage
between an attribute of the data store and its corresponding metadata through the quality key concept.

In order to enable the automation of the measurements, a data structure containing data and metadata for
each piece of data is required. Since XML is currently the preferred and trendy technology for data
interchange, we have thought of using it for bringing together both data and its corresponding metadata
for each role. To achieve this goal, we have designed a XML Schema, named DQXSD which allows
writing valid XML documents containing data together metadata. The new document will be named
DQXML document. As data can come from any data store and metadata can come from any stakeholders,
it seems reasonable to develop a new DQXML document for each stakeholder and/or for each information
need for a job.

As it can be seen in Figure 1, the main element is qualityData, the root which groups the data values. It is
composed by a sequence of entityData elements. Each entityData models an entity (e.g., a tuple from a
relational database or an element of an XML document). An entity may be composed of a set of attribute
elements containing the value of the attribute. Up to here, the only thing we have made is to map the data
values from its source to a new data structure. The innovation comes here: the attribute is now extended
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with a new element measurableConcept which is intended to provide further information for the
measurable concept for which metadata is required. As each measurable concept may need several
metadata, a new element DQMetadataAttribute is introduced in the XML schema for storing the
corresponding metadata.

«element» .
qualityData 1 0.. «element»
+name : string entity
+entityCategory : string +id : String
+dataSourceType
1
0.*
1 «element»
DQMetadataAttribute
+name : String
0.*
1 0.
«element» «element»
measurableConcept attribute
+name : String 0.+ 1 +name : String

Figure 1. DQ XSD for storing entity metadata.

As an application example, we have depicted in Table 12, the data showed in Table 9 together the
metadata showed in Table 10 from our working example constituting the file DQTaggedNews. XML.
Underlined strings are the value for the DQMetadataAttribute which can be used to measure the
measurableConcept.

4. DQMIM-XSD: A XML SCHEMA FOR DQMIM

The main aim of this summarizing section is to bring together all related concepts presented through
section 2. In order to do so, it has been defined an XML Schema that allows to represent these concepts in
an XML document. This schema has been named DQMIM-XSD (see structure in Figure 2 ), and the Xml
file obtained by instantiating it, DQMIM XML.

The root element is dgmim that integrates all the concepts. It is composed of a set of InformationNeed
(section 2.2) elements that represents the different information needs that motivates the measurement
process. An InformationNeed contains a group of dgStakeholder (section 2.4) element specifying the
stakeholder name and its role in the measurement process. A collection of MeasurableConcept (section
2.3) elements are used to specify the different measurable concepts needed to satisfy the information
need. Each measurable concept is measured on an entify (section 2.3). This measure can be a
BaseMeasure or DerivedMeasure (both in section 2.5). In a base measure, a measurement method is used
and, whereas in a derived method, a measurement function is depicted. Finally, necessary Indicator
(section 2.5) elements are specified.
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<qualityData name=“News” entityCategory= “dataValues” dataSourceType= “text/XML">
<entity id="N001">
<attribute name="TextOfTheNews”> “4 standard containing a set of data quality dimensions has been released” </attribute>
<attribute name="ProductionDate">06/29/2007</attribute>
<attribute name= “NewsProvider">MIT News
<measurableConcept name="Reliability”>
<DQMetadataAttribute name= “ReliabilityDegree”>“High”</DQMetadataAttribute>
</measurableConcept>
</attribute>
</entity>
<entity id="N002">
<attribute name="TextOfTheNews”>*“SEI introduces best practices for data quality management into CMMI v2.0” </attribute>
<attribute name= “ProductionDate”></attribute>
<attribute name= “NewsProvider”>The Data News
<measurableConcept name="Reliability”>
<DQMetadataAttribute name= “ReliabilityDegree”>“Low”</DQMetadataAttribute>
</measurableConcept>
</attribute>
</entity>
<entity id="N003">
<attribute name="TextOfTheNews”> “The 1" European Conference on IQ is to be celebrated in Spain in 2009 </attribute>
<attribute name= “ProductionDate”>05/25/2006</attribute>
<attribute name= “NewsProvider”>MyPersonalDQBlog.com
<measurableConcept name="Reliability”>
<DQMetadataAttribute name= “ReliabilityDegree”>“Low”</DQMetadataAttribute>
</measurableConcept>
</attribute>
</entity>
</qualityData>

Table 12. DQTaggedNews.XML.

dgStakeholder
~I+*name : String
* -+role : String
1 *
dgmim InformationNeed 4‘ MeasurﬁleConcept
. +description : String 1 -+name : String
1 +onEntityCategory : String 1
1 1
Entity
-+owner ; String
+src : String
N -+type : String
g.*
Indicalor
- — BaseMeasure DerivedMeasure 0.*
Izgzg;i'gsf;!a' Stsrt]:ﬁ +name : String +name : String
: 9 -+scale ; String . [*+scale: String
+measurementMethod : String 1 0. +measurementFunction : String

Figure 2. XSL Schema for DQMIM.

Table 13 and Table 14 show the DQMIM-XML document generated as an instantiation of the DQMIM-
XSD structure for our working example described through this work. Please note that data and metadata
on which the measurement are stored in the DQXML document DQTaggedNews. XML (see Table 12).
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<dgmim>
<InformationNeed>
<description>
Know whether the DQ of the news published in a website satisfies customers so as they visit the website again
</description>
<dqStakeholders>
<dqStakeholder name= “Ismael Caballero” role= “Measurement process leader”</dqStakeholder>
<dqgStakeholder name= “Eugenio Verbo” role="Data provider’</dqStakeholder>
</dqStakeholders>
<MeasurableConcept id= “Completeness” onEntityCategory= “DataValues”>
<entity type= “text/XML” src= “DQTaggedNews.XML”>
<owner>Eugenio Verbo</owner>
<BaseMeasure name= “NumberOfNotCompleteNews” scale= “Ratio”>
<MeasurementMethod>
<description>Compute the ratio of news (elements) having values for all of the defined items</description>
</MeasurementMethod>
</BaseMeasure>
<BaseMeasure name= “NumberOfNews” scale= “Ratio”>
<MeasurementMethod>
<description>Number of pieces of news in the RSS document</description>
</MeasurementMethod>
</BaseMeasure>
<DerivedMeasure name= “Completeness”>
<BaseMeasure id= “NumberOfNotCompleteNews”/>
<BaseMeasure id= “NumberOfNews”/>
<MeasurementFunction> 1- NumberOfNotCompleteNews / NumberOfNews</MeasurementFunction>
</DerivedMeasure>
</entity>
</MeasurableConcept>
<MeasurableConcept id= “Reliability” onEntityCategory= ‘“DataValues”>
<entity type= “text/XML” src=“DQTaggedNews.XML”>
<owner>Eugenio Verbo</owner>
<BaseMeasure name= “NumberOfNotReliableNews” scale= “Ratio”>
<MeasurementMethod>
<description> Compute the ratio of news having a reliable source</description>
</MeasurementMethod>
</BaseMeasure>
<BaseMeasure name= “NumberOfNews” scale= “Ratio”>
<MeasurementMethod>
<description>Number of news in the RSS document</description>
</MeasurementMethod>
</BaseMeasure>
<DerivedMeasure name= “Reliability”>
<BaseMeasure id= “NumberOfNotReliableNews”/>
<BaseMeasure id= “NumberOfNews”/>
<MeasurementFunction>  1-NumberOfNotReliableNews / NumberOfNews</MeasurementFunction>
</DerivedMeasure>
</entity>
</MeasurableConcept>
<Indicator>
<analysisModel>
<description> DQLevelOfPublishedNews (Completeness, Reliability) </description>
</analysisModel>
<decisionCriteria>
<value label= “HIGH”>
<Measure= “Completeness” fromClosed= “0.8” toClosed= “1">
<Measure= “Reliability” fromClosed= “0.6" toClosed= “1">
</value>
<value label= “ACCEPTABLE”>
<Measure= “Completeness” fromClosed= “0.8” toClosed= “1">
<Measure= “Reliability” fromClosed= “0” toOpen= “0.6">
</value>

Table 13. A DQMIM XML file for our running example [Part 1 of 2].
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<value label= “ACCEPTABLE”>
<Measure= “Completeness” fromClosed= “0” toOpen= “0.8"">
<Measure= “Reliability” fromClosed= “0.6” toClosed= “1">
</value>
<value label= “LOW”>
<Measure= “Completeness” fromClosed= “0” toOpen= “0.8">
<Measure= “Reliability” fromClosed= “0” toOpen= “0.6">
</value>
</decisionCriteria>
</Indicator>
</InformationNeed>
</dgmim>

Table 14. A DQMIM XML file for our running example [Part 2 of 2].

The main purpose of both types of XML files (tables 11 to 13) is to be the basis for a software artefact
that can process the DQMIM XML file as measurement plans on the data stored on the DQXML file.

5. CONCLUSIONS AND FUTURE WORKS

The lack of a common terminology may seriously jeopardize the communication and the interchange of
experiences on data quality measurement amongst the members of the DQ research community. This
paper presents a proposal named Data Quality Measurement Information Model to fulfil this void,
which based on ISO/IEC 15939, provides a set of the main terms related to data quality measurement.
This set has been elaborated by analyzing the different data quality measurement proposals provided by
the most referenced authors and aligning them to the mentioned standard.

By making a SWOT Analysis, Table 15 gathers the main characteristics of the proposed model.

Strength

‘Weakness

Opportunities

Threats

It unifies concepts related to
DQ measurement by
aligning the terms to an
international ISO/IEC
standard.

It can be used with any data
quality model, even with
future standards (ISO/IEC
25012)

There are no  similar
proposals in the DQ
literature.

It can describe any
measurement process for
data quality.

It has been implemented
through  the = DQMIM
Schema, which enables the
automation of the proposed
measured on a DQXML
data file.

It does not represent the
economical aspect of the
measurement; e.g. human
resources costs [8, 17, 19].
The DQMIM Schema need
to be enhanced with new
features, like the
representation of an external
source of measurements.

It is necessary to define a
Methodology for drawing

measurement plans or a
standard measurement
process.
It could be complemented
with  a DQ  measure
catalogue.

It might be refined through
real case studies.

DQMIM  through  the
developed schema can be
used to automate and
propagate measurement
processes and measurement
plans.

It can be developed a tool
for automating the
measurement of the data
quality of an DQXML file
according to the DQMIM
XML

It would not be accepted by
the DQ research community
until terms will be accepted
and used and its
applicability will be
demonstrated.

Table 15. SWOT analysis for DQMIM.
Future lines of this work are based on the weakness and opportunities presented in the second and third

columns of Table 15: on one hand, to refine the DQMIM in order to document the different measurement
methods. And on the other hand, the future lines are intended to develop solutions to the opportunities.
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