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Abstract. The competitiveness of today’s businesses strongly depends on their
data, and the degree of automation in business processes. The business
performance of information systems is constrained by the quality of this data.
Due to the multidimensional characteristics of data quality, identification and
improvement of data quality problems are complex tasks which require
knowledge about what are correct data in the relevant domain. Arisen from
semantic web research, ontologies have been discussed as a means to provide
such knowledge, and they may actually help mitigate the problem not only from
technical perspective, but also from an organizational point of view. The
construction and maintenance of ontologies, however, is a costly task. Thus,
they can gain practical relevance for data quality improvement only if we
manage to provide certainty about its efficient usage. In my PhD research work,
I aim at overcoming this bottleneck by developing a reference process for
ontology-based data quality management and a matching efficiency estimation
model for ontology-usage in data quality management scenarios.
Keywords: Ontologies, Ontology-based Data Quality Management, Cost and
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1 Problem
In today’s business environment, data is the indispensable source for almost every
transaction or decision. Performing business processes based on poor data quality can,
therefore, directly account for expensive errors. The impact of poor data quality on
the enterprise’s business thereby ranges from dissatisfaction of customers and
employees to unnecessary costs and missed revenues [3].
Recently, ontologies, i.e. partly formalized, consensual conceptualizations of a
domain of interest, have been suggested as a promising means to assure data quality at
a high level. They are expected to provide machine-readable access to knowledge
about business rules and data handling [5]. Hence, through ontologies business
transactions may be better equipped with relevant business knowledge to assure
correct, automated processing and minimize data errors. But since the construction,
maintenance, and population of ontologies is a difficult and costly task, ontologybased data quality improvement activities will not always be efficient [6]. Without
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adequate metrics and practices, decision makers cannot assess and guide the
application of ontology-based techniques for a given business challenge. As of today,
there is substantial uncertainty about efficient application scenarios for ontologybased data quality improvement techniques. An efficiency estimation model which
allows cost and benefits estimation before applying ontology-based techniques for
data quality improvement purposes could provide a better ground for informed
decision making, potentially increase the adoption of ontology technology in industry,
and reduce the risk of failed projects.

2 Related Work
In the past some research efforts have been addressed to the problem of applying
ontologies for data quality improvement (DQI). But only a few findings have been
achieved at estimating cost and benefits of ontology application.
Ontology-based DQI approaches can be separated into ontology-based data
integration, ontology-based data retrieval, and ontology-based data cleaning.
Ontology-based data integration and retrieval approaches mainly focus on reducing
heterogeneity of multiple data sources, e.g. syntactic and semantic differences in data,
without changing or correcting any data in the sources. Those approaches enable data
retrieval and integration processes to access domain knowledge represented within an
ontology with the intention to establish a common understanding of the retrieved data
[14],[15],[17],[18],[19],[20]. An excellent ontology-based data retrieval approach,
called COntext INterchange (COIN), has been developed by the Massachusetts
Institute of Technology (MIT). COIN uses sub-queries for data retrieval from
disparate sources which are combined by a context mediator for holistic data
presentation. The context mediator is able to identify and reconcile semantic
differences by accessing domain knowledge about the underlying sources, which is
mainly represented in a shared ontology and context definitions [17]. Ontology-based
data cleaning approaches aspire to detect and remove data deficiencies, such as
inconsistencies, data duplicates, or violation of domain constraints, directly in the
source [12],[13],[16]. Therefore, they utilize knowledge represented within
ontologies. In [16] a so-called task ontology is used besides the domain ontology to
describe tasks and methods of DQI for automatic identification of the underlying data
deficiency type. After its identification the task ontology suggests appropriate
improvement methods. The approach shown in [13] proposes more automation by
counting the choices made for data correction. After passing a user-defined threshold,
the most popular improvement algorithm is automatically applied for the accordant
data deficiency. Hence, the manual effort decreases over usage time. Even though the
ontology-based DQI approaches promise significant improvement of data quality,
they lack the integration into a generic management process, e.g. total data quality
management as proposed in [22], to enable pragmatic use for businesses purposes. On
top, they only address a few data quality problems and do not offer any certainty
about efficiency. Due to the novelty of this application area, there is currently no
theoretical examination about the exact contribution of ontologies for data quality, i.e.
about the potential effects of ontologies on data quality.
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To the best of our knowledge, ONTOCOM [7] is currently the only model for cost
estimation in ontology engineering. It is based on cost estimation models known from
the software engineering area, and predicts costs related to activities performed during
the ontological lifecycle. Some certainty about the costs related to the use of
ontologies can be given by ONTOCOM, but it is tied to a sequential lifecycle of
ontologies, and, as usual for cost estimation models, it does not regard any benefits or
even provide an efficiency calculation model [7]. Menzies has elaborated some
research findings also considering benefits of ontologies [21]. But his work does not
supply a cost-benefit estimation model as well. In the special case of applying
ontologies for data quality improvement, the benefits can be expressed best by the
reduction in costs for poor data quality due to the usage of ontologies. Some general
findings on data quality costs have been achieved by the data quality community
[4],[8],[24],[25]. Additional approaches not mentioned in this section may be
discovered with forthcoming research.

3 Proposed Approach and Methodology
The proposed research work aims at providing a framework for materializing the
theoretically positive effects of ontologies for data quality improvement scenarios in
real business cases based on a better understanding of their efficient usage. On the
road towards this goal, three major research issues need to be examined:
 Understanding the technical and business impact of ontologies on data quality
 Developing a generic ontology-based data quality management (OBDQM) process
 Metrics and models for ex-ante cost-benefit estimation with the OBDQM-process
based on a minimal set of problem characteristics
My PhD research work accounts for two perspectives on data quality. Seen from
the data consumer data are of high quality if they are “fit for use” [1]. From the
technical perspective high quality data are data that meet “conformance to
specifications” [10] and are “free of defects” [11]. To examine the possible impact of
ontologies on data quality, we first use the technical perspective and develop a
typology of data deficiencies, i.e. data that contains defects or does not conform to
specifications. By summarizing existing typologies of [9],[26], and [27], and
comparison with possible effects of ontologies identified in [6] we analyze in detail
the theoretical impact of ontologies to solve data quality problems. For example a
domain ontology containing knowledge about the relevant business domain will likely
to be helpful for mitigation of business domain constraint violations. As a result the
application range of ontologies in the area of data quality improvement will be
identified. In addition to our theoretical model trade-offs between data deficiencies
need to be considered and analyzed, and connections need to be drawn between data
deficiencies and the dimensions of data quality as perceived by data consumers [1].
Adjacent, a generic OBDQM framework will be developed focused on data
deficiencies improvable by ontologies. Data quality management is not a one-time
performed process. Instead, it has to support perpetually almost every business
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process. In our approach ontologies are the core part of the OBDQM process to
maintain knowledge about business rules, data handling, possible data deficiencies,
and improvement methodologies for continuous data quality assurance in the
information flow of an enterprise. Hence, existing DQM Methodologies from data
quality research [2],[4],[22], need to be extended by the use of ontologies and
ontology-based DQI-methodologies. The new OBDQM-process shall cover all
activities related to the ontology lifecycle and the data lifecycle including possible
reuse of ontologies for other scenarios. Simultaneously, OBDQM shall leave room for
customization according to the data quality strategy. Furthermore, the contribution of
lightweight upper ontologies and the contribution of ontology-learning from relational
structures will be evaluated regarding its use for data quality management purposes.
As a result, it should be possible to identify cost objects and develop metrics for cost
estimation.
Based on the OBDQM-process, a cost-benefit estimation model and its parameters
required for ex ante estimation will be developed. The costs will include all cost
categories related to OBDQM-activities including costs for ontology construction,
maintenance, and population. Findings of ONTOCOM [7] will be helpful for this part
of the research, but have to be extended substantially. The assessment of the benefits
will built upon the identification of costs related to data quality shortcomings which
can be avoided or mitigated through OBDQM-activities, and on additional benefits
through ontology-usage outside of data quality management, e.g. benefits through
documentation of business knowledge. The identification of ontologies’ application
range in improving data quality will help to identify the benefits of ontologies for data
quality improvement. Findings from data quality research will support the estimation
model concerning poor data quality costs [4],[8],[24],[25]. The estimation model will
take into account the customization of the process and will build on such parameters
that can realistically be determined in practical business settings. As a result, this
research work should provide instructions on how to use ontologies efficiently for
data quality management in typical real-world settings. The research findings will be
evaluated by at least one case study applying OBDQM and comparing estimated
values with actual costs and benefits. If successful, the PhD thesis will provide
certainty and guidelines for practitioners about the efficient usage of ontologies in
data quality management scenarios.

4 Conclusions, Results, and Future Work
Machine-readable knowledge is the key for effective management of data quality.
Only with machine-readable knowledge about business processes and data handling
the syntactic and semantic quality of the massive amount of data produced every day
can be assured. Ontologies can provide such machine-readable knowledge and have
already been applied to improve data quality. Existing approaches only address a
small range of possible data deficiencies. Neither do they provide a management
methodology, nor models for ex ante estimation of cost and benefits of the proposed
techniques. Hence, my PhD thesis aims at providing a generic framework for
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ontology-based data quality management and a matching cost benefit estimation
model.
The research project has just started in September 2008. Based on existing research
work [3] a data lifecycle has been developed to gain a better understanding about the
possible data deficiencies that might occur during data’s life. Currently a holistic
typology of data deficiencies is being developed covering extensional quality, i.e. the
quality of data values [15], and intensional quality, i.e. the quality of the conceptual
environment [15], to identify the toeholds for ontology-based DQI methodologies. By
the time of the doctoral consortium I will be able to present a first draft of the
theoretical model about ontology’s potential impact on data quality and the
application range of ontology-based DQI-methodologies.
Future work should be focused on the development of new ontology-based DQIapproaches to cover a broader set of data deficiencies in addition to the proposed
methodology. One of our approaches intends to use a linguistic ontology, e.g.
WordNet [23], to analyze and improve conciseness and consistency of database
schema labels raising the intensional quality of data models.
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