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Abstract: Information quality is a complex and multidimensional notion. In the
context of information system engineering, it is also a transversal notion and to
be fully understood, it needs to be evaluated jointly considering the quality of
data, the quality of the underlying conceptual data model and the quality
of the software system that manages these data. This paper presents a
multidimensional model for exploring information in a multidimensional way,
which aids in the navigation, filtering, and interpretation of quality measures,
and thus in the identification of the most appropriate actions to improve
information quality. Two application scenarios are presented to illustrate and
validate the multidimensional approach: the first one concerns the quality
of customer information at Electricit¢é de France, a French electricity
company, and the second concerns the quality of patient records at Institut
Curie, a well-known medical institute in France. The instantiation of our
multidimensional model in these contexts shows first illustrations of its
applicability.

Keywords: information quality; model quality; data quality; quality analysis.
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1 Introduction

In the past few years, information quality has become a very hot topic both in academic
research and in industrial contexts. Researchers attempt to provide formal definitions of
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information quality enabling measurement and automatic approaches for quality
assessment and improvement. Companies use market software tools to compute quality
measures from their data, their programmes, their automatic or manual processes to their
software and large-scale applications. Metrics and tools computing these measures are
plethoric, leading to a huge amount of data and metadata. As a consequence, there is a
need for filtering and interpreting this data and metadata, to compare different measures
and thus decide the most appropriate actions to improve information quality at various
levels, from the quality of data to the quality of the information systems (ISs).

Capitalising on QUADRIS project (Akoka et al., 2007; QUADRIS project, 2009), we
argue that it is possible to combine and jointly explore a variety of measures
characterising the quality of data and the quality of the data model in order to provide
users, designers, and developers with a better understanding of the transversal notion of
information quality. In this paper, we propose a multidimensional model gathering all
quality measures, obtained from computation on data and models. These measures are
defined according to relevant analysis dimensions and stored in a star-like
multidimensional database, which eases the navigation, filtering and interpretation of
quality measures, and thus the identification of the most appropriate actions to improve
information quality. Note that quality dimensions, which refers to different facets of
information quality (e.g., readability, accuracy or response time), should be distinguished
from analysis dimensions which refers to analysis criteria (such as assessment date,
involved actors or quality goals). Our model is multidimensional from these two
complementary points of views.

To validate our approach, we have conducted experiments on different application
contexts. Two of these contexts are:

o  Customer relationship management (CRM) conducted at Electricité de France
(EDF) (http://www.edf.fr), a French integrated energetic utility company managing
all aspects of the electricity business. EDF has a total of 40.2 million customers
worldwide (including 28 million in France). A mission of EDF’s marketers is to
undertake surveys about the energy load curves of their individual customers and
ensure the quality of their customers’ information stored in their CRM databases.

e Healthcare services and patient management at the Institut Curie
(http://www.curie.fr). The mission of this French healthcare institute as a public
service body since 1921 is treatment and research against cancer. The institute is
willing to develop the tools allowing them to meet the French National Health
Authority (HAS) requirements, and particularly regarding the quality of patient data
management.

In this paper, we describe these application scenarios and illustrate the use of our model
and tools to help fulfilling EDF’s and Institut Curie’s quality goals. The contribution of
this paper is twofold:

1 we present a multidimensional data model for the analysis of quality measures

2 we describe two case studies experienced on quality analysis at EDF and at Institut
Curie and discuss the benefits and limits of our approach.

The rest of this paper is organised as follows: The second section is devoted to a brief
literature review. The third section summarises the QUADRIS project and its unified
meta-model for information quality management. The fourth section describes the
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multidimensional model that we propose for quality analysis. The validation on the
applicative scenarios is illustrated in the fifth section. The sixth section presents QBox,
the platform implementing the model and services for information quality assessment and
analysis. Finally, Section 7 concludes and describes future research work and
perspectives.

2 Related work

The main topic of information quality attracted many research works since two decades.
It is an interesting theoretical as well as practical domain in which formalisation is more
and more needed. Several research projects [e.g., TDQM (Wang et al., 1995) and TQdM
(English, 1999)] defined methodologies and experience recommendations for dealing
with quality assurance in business ISs. More recently, several projects proposed data
quality assessment and improvement techniques in database and data warehousing
domains [e.g., DWQ (Jarke et al., 1999), DaQuinCis (de Santis et al., 2003), and Trio
(Widom, 2005)]. We point the work of Batini et al. (2009) that proposed a comparison of
such methodologies. Moreover, information quality is a crucial problem in companies
and organisations, where IS investments must be justified, appreciated, and re-evaluated
day after day. In particular, several quality problems have critical impacts in several
scientific areas such as environment (Jankowka, 2000; US Environment Protection
Agency, 2004) and genetics (Miiller and Naumann, 2003; Salanti et al., 2005).

Comprehensive surveys on information quality can be found in Batini and
Scannapieco (2006), Berti-Equille (2007) and Peralta (2006). Information quality is
generally described through a large set of quality attributes or factors. Literature aims at
defining quality factors and metrics (Redman, 1996; Wang and Strong, 1996), proposing
quality models including these factors and metrics (Jarke and Vassiliou, 1997; Strong
et al., 1997; Moody, 2005; Caballero et al., 2007), enabling the quantitative evaluation of
quality factors (Naumann and Rolker, 2000; Pipino et al., 2002) and proposing
taxonomies of factors and metrics (Naumann et al., 1999; Wang et al., 1995).

Quality models are mainly hierarchical, thus allowing a structured approach of
information quality. Few papers mention non-hierarchical models. Let us mention:

1 The quality cube model, based on three analysis dimensions: users/clients,
product/process and efficiency/effectiveness (Rawashdeh and Matalkah, 2006).

2 The star model, containing three significant elements: the procurer, the producer and
the product, not structured in a multidimensional form. It is interesting in the way it
presents multiple viewpoints (Fitzpatrick, 1996).

3 The multidimensional model for web-based applications quality, based on three
analysis dimensions: application domain (e-learning, e-commerce, etc.), lifecycle
processes (development, exploitation, maintenance) and quality characteristics
(functionality, reliability, usability, etc). This model aims at assessing the quality of
applications depending on their respective domains (Malak et al., 2004).

To the best of our knowledge, no contributions have been proposed for modelling the
multiple analysis dimensions of quality for decision-making. This notion encompasses
both quality of data and quality of the underlying data model. This paper is a step forward
in this direction.



Assessment and analysis of information quality 305

Healthcare information quality has been addressed in many research works. In
Miettinen and Korhonen (2008), the authors present a case-based analysis of healthcare
data quality problems for data about diabetes patients that are combined from different
ISs. Campos et al. (2008) present utilities to exploit digital health records and propose a
distributed architecture providing tools for the supervision and analysis of healthcare
quality, which can be viewed as the quality of its processes. In Coletti (2007), the authors
propose a model for evaluating the quality of a healthcare provider focusing on some
relevant indicators using conditional probabilities. In van Deursen et al. (2008), a
reputation system to determine quality of health personal records is described, using the
reputation of the data operator as a quality indication. Kerr and Norris (2008) survey the
acquisition and usage of data quality in the delivery and planning of healthcare and
discuss the factors that influence data quality. Civan and Pratt (2006) present a
multidimensional model for evaluating the quality of health information available on the
web, and present an assessment scenario using the MEDLINE (2010) resource. Data
quality in this context is considered as a multidimensional construct characterised by four
characteristics: content, usage, authorship, and publication quality. The goal of their
approach is to characterise and to evaluate the quality of data sources of a specific
application domain, while our approach is more generic since it aims at providing a
multidimensional model gathering the various dimensions of information quality in an IS.

3 Quality assessment in QUADRIS

Our quality assessment approach is based on the goal-question-metric (GQM) paradigm
(Basili et al., 1994). Information quality is analysed at three abstraction levels:

1  at the conceptual level, the approach identifies high-level quality goals (e.g., ‘reduce
the number of returns in customer mails’)

2 at the operational level, it enounces a set of quality questions that characterise the
way to assess each goal (e.g., “which is the amount of syntactic errors in customer
addresses?’)

3 at the quantitative level, it defines a set of quality measures that quantify the way to
answer to each question (e.g., ‘the percentage of data satisfying a syntax rule’) and a
set of measurement methods for computing them.

The core of the approach is a quality assessment meta-model, which allows representing
quality concepts and reasoning from them. Figure 1 gives a synthetic view of the
meta-model. Case studies in Section 5 will fully illustrate and instantiate it but let us first
explain in detail its composition.

The central block (block 1) deals with quality goals following the GQM approach.
Quality goals represent high-level quality needs, which are refined and decomposed in a
set of quality questions. The answer to a quality question is defined by choosing and
refining a quality factor which best characterises the question, a set of quality metrics
which are appropriate to measure this factor and a set of methods of measurement of this
metric. A method associated to a metric corresponds to a specific algorithm used for the
computation of the quality measure for this metric. Quality factors and metrics are chosen
from a library of generic quality concepts (block 2 of the meta-model); measurement
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methods are chosen from a library of available quality services (block 3 of the
meta-model) and bound to the corresponding IS objects (block 4 of the meta-model).

Figure 1 Quality assessment meta-model (see online version for colours)
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The second block constitutes an extensible library of abstract data types which will be
used to characterise specific quality goals. The main abstractions are: quality dimensions
which capture a high-level facet of information quality, quality factors which represent
particular aspects of quality dimensions and quality metrics which are the instruments
used to measure quality factors. The third block constitutes a library of measurement
methods. It is decoupled from the second block in order to manage a large collection of
external tools, listed in a service registry.

The fourth block refers to the IS model and to the processes which operate on the
instances of this model. Each object type, being either data, a model or a process, is
called a measurable object if it is subject to a qualitative evaluation within a quality goal.

The fifth block deals with quality measurements which are necessary for evaluating
quality questions and diagnosing information quality. Quality measures represent the
result of executing a measurement method (for evaluating a quality goal), for a
measurable object, at a given instant or during a period of time. Results of successive
quality measurements serve to analyse behaviours and trends of the measured objects.
Generally, improvement actions are taken based on this analysis. A detailed description
of the meta-model can be found in Etcheverry et al. (2008).

4 Multidimensional analysis of quality measures

Quality measures (block 5 of the meta-model in Figure 1) are stored in a star-like
database schema which facilitates their aggregation, the computation of complex
indicators and the analysis of correlations among the measures. This section describes the
multidimensional data model and presents the spectrum of analysis techniques provided
by this model.
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Figure 2 Multidimensional data model for analysis of quality measures
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4.1 Multidimensional data model

The quality meta-model presented in Figure 1 explicitly shows that each quality measure
is associated to a date (or period), a measurable object of the IS and an applied method.
The latter determines quality metrics, factors and dimensions, as well as quality questions
and goals. In addition, a context can be derived from IS objects (e.g., the geographical
location of the IS) and user information can be obtained from the goals (e.g., who defined
each goal). Figure 2 presents a star schema directly derived from these relationships. The
schema contains as analysis criteria:

Date: Indicates when quality measures were taken. The dimension includes the
classical day-month-year hierarchy as well as additional user-defined periods.

Measurable objects: Indicates what is measured, i.e., which objects are examined for
computing their quality. The main hierarchy consists of element (e.g., cells in a table
or entities in a model), set (e.g., tables, packages) and source (e.g., database,
application). A secondary hierarchy indicates the type of object (data, model or
process). Other hierarchies can be introduced for grouping objects according to
domain-specific relationships (for example, in biomedical applications, the
laboratory that produced data is usually a drill-up criterion).

Quality methods: Indicates how quality measures were taken. The dimension
hierarchy corresponds to blocks 2 and 3 of the meta-model (quality service, quality
metric, quality factor and quality dimension in Figure 1).

Quality goals: Indicates why these measures were taken, i.e., the purposes of quality
analysis. The dimension hierarchy corresponds to block 1 of the meta-model (quality
question, quality goal).

Location: Indicates the geographical location to which measures are associated to.
This context is generally deduced from measurement objects, for example, a datum
representing the electricity consumption of a house can be associated to the
geographical location of the house. This hierarchy is domain-dependent.
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e Actor: Indicates who conducted quality measurement (the persons that defined
quality goals, chose quality methods...). Typical hierarchies include group and
enterprise, but may be personalised for a specific application.

e  Operational context: Quality goals come from a business problem or business goal.
Such a problem is linked to an operational context described by a request date,
deliverable date, sponsor, operational constraints, etc.

The multidimensional schema contains as indicators:

e Actual quality value: Refers to the quality measures that are actually computed by
measurement methods.

e Required quality value: Refers to the quality bounds that are tolerated by users.
These bounds are usually indicated when expressing and refining a quality goal.
Actual values are said to be good if they do not overflow required values.

e  Predicted quality value: Refers to the quality values that users expect to obtain or the
values estimated by other profiling tools. They are generally compared to actual
values in order to reassert or contradict a hypothesis about data quality.

e  Non-quality cost: Refers to the cost (e.g., money, time, human resources)
caused by poor quality objects and assumed by the company. Cost estimation is
application-dependent. It may be defined when expressing and refining quality goals.
It may include non-quality cost, quality improvement cost, or quality measurement
cost (English, 1999).

For implementing the multidimensional data model, three major problems have to be
considered:

e Additivity: Quality values can be averaged, but in most cases, domain-specific
roll-ups are desired. For example, when totalising values corresponding to different
quality metrics, in order to obtain an aggregated value for a quality factor, different
types of weights can be applied. Analogously, a particular quality question may
indicate how to aggregate individual quality values in order to answer the question.
These specialised roll-up operations may be different for each type of IS object,
quality factor, quality goal, operational context and actor. This forces roll-ups to be
computed on query time.

e  Dynamic dimensions: As previously discussed, many dimensions should be analysed
by user-defined hierarchies, which may be of various complexity and size. An
implementation of the model must support the management of dynamic dimensions.

e Amount of data: As several quality measures may be taken for individual data
elements (e.g., each cell of a table), storage constraints have to be taken into account.

4.2 Analysis of quality measures

The rationale of the multidimensional quality model is threefold. First, it has been
designed for the purpose of exploring quality measures with various analytic tasks.
Second, it can be used for scoring data with respect to user-defined or application-driven



Assessment and analysis of information quality 309

quality requirements and prioritising tasks for quality improvement. Finally, it can be
used for quality prediction and forecasting:

1 Quality exploration includes three tasks described as follows:

e  Quality diagnosis: once the quality measures are computed, they instantiate the
multidimensional model and can be browsed in order to diagnose, visualise, and
understand the quality of the information, both at the instance (data quality) and
schema levels (model quality).

e Metric selection: based on the quality measures provided by the
multidimensional model, this task allows the user to experimentally compare a
variety of metrics in order to choose the most appropriate ones for highlighting a
suspected or known phenomenon.

e Metric correlation: this task analyses the relationships between the various
stored quality measures, looking for dependencies or correlation.

2 Quality scoring includes two tasks described as follows:

e Data recommendation: based on the highest quality measures computed from
the data managed by the IS, this task provides and associates quality guarantees
to the data queried by the users.

o Task recommendation: based on the lowest quality measures computed from the
data and the data model, this task provides priorities for scheduling cleaning and
corrective actions to improve overall information quality.

3 Quality prediction aims at computing the trends and forecasting information quality
over time based on the history of quality measures and various input prediction
models.

From a more technical point of view, the multidimensional data model is a natural entry
for OLAP (e.g., Oracle Express or Olap option, Microsoft Analysis Services, IBM TM1)
and statistical (e.g., SAS or R) tools.

5 Case studies

In this section, we illustrate the use of our quality assessment framework in two different
real contexts. The model was discussed and improved through the dialogue with
companies which need quality frameworks to check their IS qualities.

5.1 A CRM scenario at Electricité de France

The EDF group is an integrated energetic utility company managing all aspects of the
electricity business. In this paper, we focus on a commercial aspect of the group. EDF has
a strong commercial footing in Europe, with a total of 40.2 million customers worldwide
(including 28 million in France). In this section we present the instantiation of the quality
meta-model presented above for a CRM application at EDF.
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5.1.1 Quality problems

For this scenario, we consider a business user, a marketer, who has to undertake a survey
about the energy load curves of EDF customers for a targeted year, e.g., 2007.
Customers’ information is stored in a CRM database supporting the management of
major and small business French markets. This database results from the integration of
several heterogeneous operational databases (e.g., front office databases) and some
external databases (e.g., geographical referential databases for postal addresses). Data
quality problems in such a database are due either to a poor data quality in various
operational sources (e.g., if a meter breakdown then the resulting load curve can be
incomplete, if a commercial agent misunderstands the postal address of a customer then
the address can be inaccurate, etc.) or to integration difficulties (e.g., problems in schema
mapping or data reconciliation stages).

In practice, the preliminary task of a marketing survey is to select the studied
population. Thus the marketer first and foremost needs to characterise the quality
of accessed (or retrieved) information. As an example, the marketer will select the
largest possible set of contacts ensuring that the number of wrong phone calls is
minimal. This is the operational goal. The customers having an active contract in
2007 are first identified and checked to make sure that they are individuals (not
companies). For each of these customers, the information about the corresponding
energy load curves is considered and only the customers with a complete history of
load curves are kept for further analysis. The information about the clients is then
controlled (e.g., phone numbers or customer price code), and the consistency between the
invoices corresponding to each customer and the records of consumed energy are
checked. The size of the resulting set has to be statistically significant in order to be a
meaningful basis for the survey. The sponsor of this quality survey is the marketing
service. To instantiate our model (block 1 of Figure 1), we define the operational goal:
producing the largest possible set of customers that minimises wrong calls and the
following quality goals:

e Gl: improve customers contact information for marketing requirements needs

e G2: improve the quality of energy load curves.

5.1.2 Identification of quality metrics

Six quality questions are defined in order to refine the quality goals defined above;
they are listed in Table 1. The first question deals with the need of distinguishing
individual customers from companies; this information is not always available in
all operational sources and often leads to wrong classifications of customers.
Questions Q1.2 and Q1.3 are concerned with the validity of customers’ information.
Question Q1.4 aims at quantifying the portion of customers that are taken into account.
Question Q2.1 deals with the availability of data for computing the history of
customers’ energy load curves for a given period. The last question aims at verifying
the coherence of energy load information. The quality goals dimension is then
instantiated with these values.
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Table 1 Instantiation of quality goals for the CRM scenario at EDF

Goal Question

Gl Q1.1 Have customers an ongoing contract? Are they individuals or companies?
Q1.2 Are customers’ phone numbers valid?
Q1.3 Are customers’ contracts valid?
Q1.4 Are all the individual customers present in the resulting set?
G2 Q2.1 Which are the clients with complete recorded history of consumed loads of energy?
Q2.2 Are the invoice and the consumed load of energy consistent?

Quality questions are declined in terms of quality dimensions and quality factors of our
meta-model. A set of eight quality metrics were defined for answering to quality
questions, and a set of measurement methods are used for assessing these metrics, as
illustrated in Table 2. The corresponding quality factors are defined in Table 3.

Table 2 Instantiation of quality methods for the CRM scenario at EDF

o# Factor Metric Method
Q1.1 Semantic M1  Ratio of individuals among CheckReferential: Compare
correctness the customers customer information with
(accuracy) companies’ directories
M2  Ratio of records that are DictionaryLookUp: Check that
unlikely to be individuals the denomination does not

contain usual status (Ms, Mrs...)
but legal enterprise status
(Group, Holding, Corp....)ina
dictionary of denominations
(SQL procedure enclosed in an

ETL workflow)
Q1.2 Syntactic M3  Ratio of phone numbers Aggregation: Method provided
correctness having the required format by the DataFlux
(accuracy) (http://www.dataflux.com/) tool
Q13 Syntactic M4  Ratio of customers with a DictionaryLookUp.: Comparison
correctness valid tariff code in their of tariff code to the content of a
(accuracy) contract tariff dictionary
Q14 Coverage M5  Difference between the Aggregation: Count of the total
(completeness) expected number of of customers and evaluation of
customers and the size of the  the relevance of this value
resulting set (human validation)
Q2.1 Density M6  Ratio of NULL energy load  CheckNull: Check the presence
(completeness) values for each customer’s of NULL values in load curves
record (SQL queries)
Coverage M7  Number of records of energy ~ Count: SQL query on the
(completeness) load for each customer database
Q2.2 Record QM8 Ratio of customers for which  CheckRule: SQL queries on the
integrity the difference between database
(consistency) invoice and consumed energy

load exceeds a threshold
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Table 3 Quality factors for both, the CRM and medical scenarios

Factor Description

Coverage Describes whether all required entities are present in the IS
(Naumann et al., 2003)

Density Describes whether all data values are present (not null) for required
attributes (Naumann et al., 2003)

Semantic Describes how well data represent states of the real-world

correctness (Wang and Strong, 1996)

Syntactic Expresses the degree to which data is free of syntactic errors such as

correctness misspellings and format discordances (Miiller and Naumann, 2003)

Record integrity Expresses the degree to which data satisfies a set of inter-attribute integrity
constraints (Rahm and Do, 2000).

Response time Expresses the time elapsed between an event and its response (Oasis, 2008)

5.1.3 Instantiation of the multidimensional model

The measurable objects dimension (given in Figure 2) in our scenario follows the
classical element-set-source hierarchy, where element represents a table cell (a value of a
record describing a customer), set represents a table attribute and source represents the
source database where data was extracted from. Several operational and external
databases are used as sources. The accessed tables and attributes depend on the quality
metrics to be computed, for example, for quality metric M2, we access to two attributes
of the customers table of a given source (namely civility and name). A user-defined
hierarchy enables aggregating elements by customer and type of customer.

The location dimension is instantiated with a user-defined hierarchy, consisting of
France geographical locations and EDF-defined zones.

Three major actors are involved in this survey: a sponsor (from the EDF marketing
service), a data quality expert (from the EDF R&D entity) and an external performer
company (A.L.D., http://www.aid.fr). We instantiate the actor dimension of Figure 2 with
these values as illustrated in Table 4. These actors are common to all quality metrics.

Table 4 Instantiation of actors for the CRM scenario at EDF

Name Role Group Company
Anonymous Sponsor Marketing entity EDF
S. Nugier DQ Expert R&D entity EDF
B. Laboisse Performer A.LD.

The operational contexts dimension in Figure 2 is instantiated with information about the
concerned quality survey (sponsored by the marketing service). Finally, the date
dimension is instantiated with all dates in the analysed period (2007).

The crossing of previous dimensions corresponds to a set of facts that are stored in
the fact table. We register four measures: actual quality value, required quality value,
predicted quality value and, when possible, the non-quality cost. A non-quality cost is
usually difficult to measure in terms of monetary and human costs but it can be expressed
in terms of custom indicators, for example, the number of NPAI' (return to sender) for
incorrect postal addresses.

The date dimension allows us to store these values with a timestamp and thus to
follow their evolution over time. This is a good way to detect impacts of improvement



Assessment and analysis of information quality 313

actions or, more generally, of any modification of the IS (e.g., integration of a new
source, modification of the conceptual data model, etc.).

In addition, the source attribute of the measurable objects dimension allows us to
compare quality measures per data source. It can help to improve the CRM database
feeding process either by choosing most reliable sources or detecting data feed problems.

5.1.4 Analysis of quality measures

Among all analyses that can be made, EDF is especially interested in being able to
capitalise information quality diagnosis process and results, and perform IS improvement.

The multidimensional model provides an efficient natural way to store results of data
quality measures and see values by dimensions of analysis at different levels of
aggregation. For exploitation, data is well-suited to be accessed by reporting, data quality
or OLAP tools. Analysis of data quality measures can lead to recommendation for IS
improvement. For example, if phone numbers are invalid in a specific table, this could
mean that the data feeds process or the database schema has to be re-examined.

5.2 Healthcare scenario at Institut Curie

The Institut Curie is a healthcare institute specialised in treatment and research against
cancer. Following the nation-wide initiative of the French National Authority for Health
(Haute Autorit¢é de Santé, HAS, available at http://www.has-sante.fr/) for the
improvement of information quality in the public French healthcare system, the Institut
Curie is developing quality procedures to meet the HAS requirements, and particularly
regarding the quality of data management and patient records (COMPAQH project,
2008). In the following, we describe the usage of our quality assessment techniques in the
Institut Curie’s scenario in order to diagnose quality of patient files, calculate quality
indicators demanded by the HAS and help in the identification of quality improvement
actions.

5.2.1 Quality problems

One key issue for the Institut Curie in order to meet the quality requirements of the HAS
is to assess the quality of patient management. In this context, the focus is mainly on the
compliance of the medical files and the quality of the service provided to the patient. The
former can be roughly viewed as an aggregation of the compliance of the patient file’s
elements (adequate format, presence of all relevant documents, traceability of medical
acts, etc.), while the latter concerns the relation with the patient (traceability of the
evaluation of pain during the patient’s stay, the ability to detect troubles related to a given
pathology, the time elapsed between the end of a hospitalisation journey and the shipping
of the corresponding letter to the patient and their local doctor, etc.). In order to illustrate
our approach, we will focus on two aspects of the relation with the patients: the content
of the patient file on the one side, and the time needed to ship the final letter on the other
side. When this time delay exceeds eight days, both specific IS-centred corrective actions
and administrative service reorganisation are needed.

For the considered operational goal, namely, the compliance of the patient files and
the quality of the service provided to the patient, several quality goals were defined. We
analyse hereafter two representative quality goals, defined as a first step in order to
improve Institut Curie’s information quality:
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e Gl: keep patient’s records complete for both medical and administrative needs
e  G2: reduce the delays in sending the end of stays letters.

The patient file is the heart of the Institut Curie’s IS, which consists of several,
interconnected, source applications. The patient file is composed of three main
components: the medical file, the healthcare file and the administrative file, each one
containing multiple documents in different formats (reports, letters, images, prescriptions,
etc.). More than a thousand new documents are generated per day at the Institut Curie. In
addition, some metadata describing the documents (e.g., NIP — identification permanent
number, type of medical act, medical act date, etc.) are stored in a relational database and
serve as index for document search. The set of metadata that is essential for quality
assessment and improvement was defined to take into account not only the needs for
patient information management but also for other sectors of the institute (French medical
information regulation, clinical research, piloting, invoicing, continuous cancer
investigation, bio-statistics, etc.) (Civan and Pratt, 2006). This data includes fixed data
(e.g., sex, date of birth) but also evolving data (e.g., last contact date). Hence, quality
evaluation lies in the satisfaction of quality rules for both the patient file documents and
the metadata about those documents.

5.2.2 Identification of quality metrics
The first quality goal concerns the contents of the patient file. Two aspects are important:
1  the file should contain all required documents

2 these documents should be well formatted and should correspond to the appropriate
patient.

Several problems are caused by the inadequate format of documents and their metadata.
This is worsened by the important number of missing values in document metadata.
Consequently, the quality goal was refined in several quality questions (listed in Table 5)
concerning the completeness and accuracy of the medical files, i.e., in what extent the file
contains all relevant documents and metadata and in what extent documents and metadata
correspond to real-world and well-formatted information about the patient.

The second quality goal concerns the indicator of the delay between the date when the
patient leaves the hospital and the shipping date of the end of the stay letter. For
calculating this business indicator, a significant number of patients has to be analysed (to
ensure acceptable statistical power) with taking into account the impact of missing values
in the patient files. Our methodology for assessing this goal is decomposed as follows:

1  selection of the hospitalisation journeys with a duration greater than 24 hours

2 random sampling of the stratified population of patients depending on the type of
healthcare services they have received during their hospitalisation (e.g., obstetric
surgery, generalist care)

3 calculation of management indicators.

Hence, quality questions (listed in Table 5) concern the completeness of the documents of
the targeted patients and the response time of the shipping processes.
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Instantiation of the quality assessment meta-model in medical case at Institut Curie

Table 5

(sampaosoid 10OS)
BIEpRIOW SHudWNIOop Jo sduweyds oy elEpRIOW
Ul SJUTRIISUOD JEWLIOJ JOJ OO -2/nyyIay) JUSWINJOP PojjeuIO)-[[oM Jo oney LN (21qepea1 Koy
(s3d11os) aremyjos arerrdordde oy yrm SSOUJOAII0D a1y (yewrioy peyoadxa oy ur of1y
PEO[ SIUSWINIOP A} 10J oY) -20quad) So[ij o|qepearjooney 9N ONOBJUAS juaryed oy} Ul SJUSWNOOP AP ATy S 1O
(sampadoid TOS) soseqerep {S10€ [BOIpow
SJO€ [BOIPAW S} PUE B)ePeIdUW SJUSWNIOP juanyed oy) 03 Surduojaq SSOUJOITI0D s Juoned oy 0 puodsor100 91}
UQOMIOq JIYD SSOI) [D1UDI2[2YYD2Y ) AJOAI1091J0 SJUSWINOOP JO OBy  GIN  ONUBWAS juanjed ay) ur spuswnoop Ayl o 10
(serronb TOS) viepeloW [[nu jou are (SP1ey paxmbai oy [1e o[y
K1orepuew Jo 9oudsaid oy} Yooy JnNYIY) jey) ejepelow A1ojepuewi Jjooney — HIN Asue@  juoned oy ur syuownoop oy Ak €10
{(erepejowr
(Surssaoo1d uewny) paxopur A[1921100 SSOUOALI0D  JUSWNIOP) PIXIPUI A[}091I100 J[1J
SUAWNO0P Jo 9[duwies & JO UonepI[eA [BNUBIA BJEPBIOW JUSWINJOP Jo Onjey €N ONUBWAS juanyed oy} Ul SJUSWINOOP AP ATy 710
oy yuanyed oy ur
BJEPRIAW dSeqeIRp 0] SUIPIOdJL SJUdWNOOp  Judsald are jey) (9seqeiep ejepelow
o3 Jo 9ouasaId oy Ny Y24pagajiy AU} Ul PIXOPUI) SJUSWINOOP Jo oney TN
A3oroyyed pazopisuod
o 103 [0o0301d uonesifeydsoy
2y} 03 SUIPIOOdE PAUTULINAP
(dnxooj 9y1§) 1000301d A30701PRd aIe SyUWNOOop parmbar oy,
s Judnjed ay) 03 SUIPIOdIL SHUIWNIOP -o13 Juaned oy ur Juasaxd are jey) {Suaunoop paInbar ay [[e 31 sey
oy Jo 9ouasaxd oy Ny Y24pa§a1f sjuownoop parmbarjooney [N 958I0A0D (o1erdwoos oy juaned oy s 1710 |£3)
spoyia SoLga .1010D,] suonsang i)




L. Berti-Equille et al.

316

Instantiation of the quality assessment meta-model in medical case at Institut Curie

(continued)
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Quality questions were associated to quality factors (as described in Table 5) and several
metrics were designed for measuring them. Note that some questions were declined in
several metrics in order to provide different indicators or to represent various views.
Finally, a set of measurement methods was defined for computing these metrics. Some
methods (namely CheckNull, CheckRule, CheckReferential, etc.) were reused from the
standard catalogue of QBox, the toolbox for data quality assessment developed in the
QUADRIS project (Etcheverry et al., 2008) as we will describe in Section 6. Other
methods were explicitly implemented for this scenario either by writing simple scripts
(i.e., FileSearch, OpenFile) or by adapting QBox methods to specific platforms
(i.e., LNnull, LNaggregation). A human processing method was also been carried out.
Note that a same method can be used for computing several metrics, by defining the
appropriate parameters (e.g., format rule, referential). In addition, a method may be used
several times (on different objects or with different parameters) in order to compute or
update the value of a metric.

5.2.3 Instantiation of the multidimensional data model

In order to instantiate the multidimensional model proposed in Section 3 with our
medical scenario, five dimensions are considered: quality goals, operational contexts,
dates, quality methods and measurable objects.

The quality goals in our scenario are those presented above (G1 and G2) with the
goal-question-metric hierarchy presented in Table 5. The operational contexts dimension
corresponds to a user-defined hierarchy representing the type of healthcare service
(surgery, obstetric etc.). The date dimension indicates the date of the measurements,
which are not periodic but are triggered by quality analysts according to their
measurement plans. The quality methods dimension is instantiated with three quality
dimensions: completeness (Naumann et al., 2003), accuracy (Peralta, 2006) and
performance (Oasis, 2008), the two former concerning data quality and the latter
concerning process/service quality. Quality factors are included in Table 3. Completeness
factors (coverage and density), accuracy factors (semantic correctness, syntactic
correctness) and performance factor (response time), as well as quality metrics and
methods are listed in Table 5. The measurable objects dimension in our scenario follows
a user-defined hierarchy: service-patient-document, where service represents a
classification of patients according to the main involved healthcare service, patient
represents a person (and their patient file) and document represent a document of the
patient file.

Regarding the measures of the multidimensional model, only actual quality values
and predicted quality values are considered at the moment for our medical scenario. The
former are computed by executing measurement methods and storing their results; the
latter are taken from previous estimations resulting from early projects at the Institut
Curie.

5.2.4 Analysis of quality measures

The quality analysis model experienced at the Institut Curie can be used in different ways
to achieve the quality goals. The first type of analysis concerns the diagnosis of the
quality of patient files. The results are important for improving the overall quality
indicators, as most HAS indicators depend on the quality of patient files. The
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multidimensional analysis of the quality metrics M1 to M7 allows determining the
common features of the patient files that are more incomplete and/or inaccurate. In
particular, the operational context dimension (representing healthcare services) allows
targeting adequate policies for specific services.

In addition, several action plans were defined by the quality assurance steering
committee (responsible for the quality of patient files) at the Institut Curie:

1  identification (and fusion) of duplicate files

2 implementation of input controls in the document database
3 storage of relevant metadata about documents

4 capture of alerts on atypical data

5  capture of undesirable events.

The analysis of measures at different periods allows quantifying the effect of such
policies on data quality. The outcomes of action plans are used for the proposal of new
corrective actions in a six-month basis.

The second type of analysis concerns the calculation of quality indicators to be
provided to the HAS. We illustrate the procedure followed to calculate the delay between
the patient exit and the shipping of the exit letter. A series of quality measures is analysed
in order to determine a sample of patient files and calculate the indicator. A first sample
is randomly selected from the hospitalisation journeys with duration greater than 24
hours. Then, quality metrics M8, M9 and M10 allow filtering the patients that do not
satisfy these quality criteria. A second random selection is performed among the
remaining patients, obtaining a sample of 80 patient files. Quality metric M12 computes
the DEC indicator for the obtained sample. Quality metrics M11 and M13 calculate
associate measures for further analysis.

The first measurement was (manually) executed in the second semester of 2006, and
recalculated on a six-month basis. This procedure is currently executed at different dates
along each semester (e.g., after implementing new input controls or new improvement
policies), allowing to obtain different snapshots of the indicators and follow their
evolution.

6 QBox: design and implementation

We developed a platform, named QBox to validate our approach on various operational
scenarios for the QUADRIS project (Etcheverry et al., 2008). QBox was implemented as
a Java web application, with user interfaces for managing the different entities of the
multidimensional model and executing measurement methods to assess information
quality in our application scenarios. The main functionalities of QBox include:

e Management of an extensible library of quality dimensions, factors, metrics and
measurement methods. Methods for retrieving and editing quality concepts and
incorporating new ones can be specified and invoked as web services. We have
chosen a tree-like structure to show this information to the user. An interface allows
the user to define new methods as new services or methods that invoke external
routines.
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e Definition and storage of user’s quality goals and questions. We provide methods for
defining and editing quality goals and decomposing them into quality questions. A
drag-and-drop interface allows browsing among IS objects and associating them with
the relevant questions. This association allows tracking the measures of IS objects
quality with respect to specific questions. Analogously, quality factors can be
instantiated and associated to questions in a drag-and-drop way. This interface is the
starting point for configuring a new quality-assessment application in QBox.

e  Association of quality metrics and measurement methods with quality questions.
Here, the quality analyst determines what is going to be measured. To this end, a
drag-and-drop interface facilitates the browsing among the library of quality
concepts (factors, metrics and methods) and their parameterisation. New metrics and
methods can be easily defined, either by modifying existing ones or by defining them
from scratch.

e Execution of measurement methods for individual IS objects (or all objects) involved
in a given quality goal, and persistency management of the obtained quality
measures. Specifically, QBox keeps logs of quality measures.

e  Show results, allowing the visualisation of trends and correlations. Quality values are
stored in a multidimensional way, which allows the comparison of different
assessment strategies, the discovery of trends and the exploration of
interdependencies among quality factors. The storage of historical values also allows
exploring which measurement methods are best suited for each situation and
managing quality evolution.

Figure 3 QBox screenshot: instantiation of the GQM approach and quality measurement
(see online version for colours)
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Figure 3 shows how the QBox has been used for the EDF’s case study, in particular for
instantiating the GQM approach on client addresses and contact information and the
measurement of the syntactic correctness factor on clients’ addresses with two metrics
(Boolean and deviation).

The implementation of QBox is based on Google Web Toolkit technology (GWT,
http://code.google.com/intl/fr/webtoolkit/) version 1.7.1 and the extension LGPL
SmartGWT (http://code.google.com/p/smartgwt/) version 1.3. Deployment was carried
out with a JBoss 3 container, PostgreSQL and MySQL DBMSs. The data access layer
encapsulates the access to IS objects and implements persistence mechanisms via
Hibernate 3 over the QBox Repository stored in a PostgreSQL database. The Logic layer
contains the implementation of the measurement methods and the analysis component.
The presentation layer is implemented GWT 1.7.1 and SmartGWT 1.3 component in
order to show the measurement results.

7 Conclusions

In this paper, a novel approach for assessing and exploring the multifaceted notion of
information quality has been proposed. Our main contribution is a multidimensional
model that can capture a large variety of measures for characterising the quality of data
and the quality of the underlying data model and data processes. Its goal is to provide
users, designers, and developers with a better understanding of the transversal notion of
information quality. This model facilitates the navigation, filtering and interpretation of
quality measures, and thus the identification of the most appropriate actions to improve
information quality. Two real-world case studies have been described to illustrate the
applicability of our approach. This approach has three major outcomes. First, it allows
exploring relationships among quality concepts (quality metrics, quality factors, quality
dimensions, etc.). Secondly, it considers user’s preferences on quality requirements. To
design effectively operational IS, the IS engineering process has to consider the multiple
facets of quality: from the quality of the data, the quality of the underlying data model to
the quality of the software and applications. Our multidimensional model is a first step
for measuring and exploring the complex notion of quality in a holistic way.

The multidimensional model has been instantiated for EDF’s operational scenario and
also in the medical context of Institut Curie showing first evidences of its applicability.
The case studies allowed a first validation of the approach. The implementation of
automated techniques for quality assessment allowed the cross-analysis of quality
measures and the follow-up of their evolution. New quality measures may be defined
after plan outcomes, enriching the organisations’ quality model.

The next step of our work will consist in intensively populating the model with
measures and conduct specific statistical analyses to detect dependencies and trends
between quality factors and manage quality goals evolution.
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Notes

1 ‘N’habite Pas a I’Adresse Indiquée’ is the translation for ‘return to sender’ in French postal
organisms.



