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Abstract 
The competitiveness of today’s businesses strongly depends on their data, and the degree of automation in business proc-

esses. The business performance of information systems is constrained by the quality of this data. Due to the multidimen-

sional characteristics of data quality, identification and improvement of data quality problems are complex tasks which re-

quire 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 pro-

vide certainty about its efficient usage. This poster outlines a PhD research project, which aims at developing an architec-

ture for ontology-based data quality management (OBDQM) and a matching ex ante efficiency estimation model.  

What Data Quality Problems Are We Facing? 

Inconsistency: 

Data values or schema elements usually refer to other data values, schema ele-

ments, or real-world concepts. Inconsistencies occur if data or schema elements 

differ significantly in meaning from their reference and, therefore, either the refer-

ence or the data or schema element on hand is perceived as incorrect.  

 

Heterogeneity: 

Heterogeneity predominantly occurs in multiple-source scenarios and can be 

specified into structural and semantic heterogeneity. In cases of structural hetero-

geneity, the same real-world domain is represented by different schema elements. 

Semantic heterogeneity also constitutes a difference in the intension of the com-

pared schemata with overlapping elements [1].  

 

Redundancy: 

Redundancy problems exist when the same real-world entity is represented at 

least twice. Redundancy problems are not constraint to multiple-source scenarios. 

A redundant tuple can also come along with inconsistency problems, if some of 

the attribute values differ significantly in meaning. 

 

Ambiguity: 

Ambiguous naming of data values or conceptual elements can also cause data 

quality problems. Due to the ambiguous naming, the intended meaning cannot be 

identified precisely. Hence, ambiguity can complicate identification of the real-

world entities of data values or conceptual elements. 

Single-Source Problems 

 

 

Data Quality Problem Instance Schema Cause type 

Word transposition / Syntax violation X   Inconsistency 

Outdated values X   Inconsistency 

False values X   Inconsistency 

Misfielded values X   Inconsistency 

Meaningless values X   Inconsistency 

Missing values X   Inconsistency 

Out of range values X   Inconsistency 

Invalid substrings X   Inconsistency 

Mistyping / Misspelling errors X   Inconsistency 

Imprecise values X   Ambiguity 

Unique value violation X   Inconsistency 

Violation of a functional dependancy X   Inconsistency 

Referential integrity violation X X Inconsistency 

Incorrect reference X X Inconsistency 

Contradictory relationships X X Inconsistency 

Multi-Source Problems 

Data Quality Problem Instance Schema Cause type 

Heterogeneity of syntaxes X X Heterogeneity 

Heterogeneity of units of measurement X X Heterogeneity 

Data precision conflicts X   Heterogeneity 

Heterogeneity in time reference X   Heterogeneity 

Default value conflicts X   Heterogeneity 

Source specific identifiers   X Heterogeneity 

Heterogeneity of integrity constraints   X Heterogeneity 

Heterogeneity in cardinality   X Heterogeneity 

Schema discrepancy   X Heterogeneity 

Schema isomorphism conflict   X Heterogeneity 

Existence of hypernyms   X Heterogeneity 

Overlapping concepts / Role conflicts   X Heterogeneity 

The data quality problems shown above are based on findings by [1],[3],[4],[5], and [6] 

As partly formalized, consensual conceptualizations of a do-

main of interest [2], ontologies provide helpful means for 

handling and organizing data. By providing machine-readable 

knowledge about real-world circumstances and, in particu-

lar, about characteristics of common data quality problems 

inconsistency, ambiguity, heterogeneity, and redundancy 

problems may be mitigated. In [2] possible technical effects 

of ontologies have been described, that may be used to ex-

plain how ontologies can mitigate data quality issues: 

 

Excluding unwanted interpretations. Within ontolo-

gies formal and informal means can be used to clearly de-

fine the intension of a concept. In other words, ontologies 

can help to specify a consensual, unambiguous meaning of 

concepts. Mapped to relational databases (RDB) ontologies 

can, therefore, reduce ambiguity of RDB schema elements.  

 

Spotting logical inconsistencies. Due to the clear defi-

nition of concepts and their relationships within ontologies, 

consistency of schema elements and their instances can 

possibly be enhanced and logical inconsistencies can be 

identified when applying mapped ontologies on RDB. 

 

Identification of stable and reusable conceptual ele-

ments. Ontology modeling requires the concise definition 

of the concepts of a domain and their relationships estab-

lishing a consensual understanding of the domain of inter-

est. This task is usually also performed when creating a lo-

cal database schema. Since ontologies are not tied to a spe-

cific database, they provide a means to establish an inde-

pendent conceptual model overcoming heterogeneity of 

multi-source scenarios, which suffer from locally defined 

schemata. 

How Can Ontologies Help? 

Previous work on ontology-based data quality management fo-

cuses on data integration, data retrieval, and data cleansing. On-

tology-based data integration and retrieval 

techniques mainly aim to reduce heterogeneity 

of multiple data sources, e.g. syntactic and se-

mantic differences in data, without changing or 

correcting any data in the sources. Those ap-

proaches enable data retrieval and integration 

processes to access domain knowledge repre-

sented within an ontology with the intention 

to establish a common understanding about 

the retrieved data [7-12]. Ontology-based data 

cleansing approaches aspire to detect and re-

move data deficiencies, such as inconsistencies, 

data duplicates, or violation of domain con-

straints, directly in the source supported by 

domain and task ontologies [13-15].  In a nut-

shell, there exists preliminary research of ap-

plying ontologies to data quality issues. How-

ever, they are limited in scope and do not go beyond the stage 

of early prototypes. 

Related Work 

The Road Towards OBDQM 

The OBDQM project focuses on providing answers to the following questions: 

 

What data quality problems can be solved by ontologies? Based on existing 

work, we identified ontology-based techniques that can reduce data quality problems. 

Additionally, we have identified typical data quality problems of RDB scenarios. Up-

coming work focuses on practical experiments with ontologies on real-world data of 

RDB. The experiments will include scenarios for ontology-based data integration, data 

retrieval, and data cleansing. Eventually, we will gain a detailed understanding about the 

range of application of ontologies to data quality problems. 

 

How can we integrate ontologies to manage data quality of RDB? Each step 

in the data lifecycle requires a different solution approach. Hence, an architecture is 

currently being designed to enable ontology-usage for data retrieval, data integration, 

and data cleansing. Despite of the decentralized application the required ontologies 

should be centrally accessible to reduce maintenance efforts and avoid inconsistencies 

and redundancies.  

 

What kinds of ontologies should be used? From the literature we know different 

types of ontologies, e.g. top-level ontologies, domain ontologies, task ontologies, and 

application ontologies [16]. One key challenge of applying ontologies to data quality 

management problems is the choice of suitable types of ontologies. Also the reuse of 

existing ontologies must be investigated, for example ontologies derived from Word-

Net for the identification of synonyms on the data instance and schema level, and 

DOLCE and PROTON. 

 

What has to be represented within ontologies to identify and solve data 

quality problems in RDB? In some cases the representation of classes and proper-

ties of real-world concepts might already provide adequate means to solve data qual-

ity problems. Other cases might additionally require the representation of individuals 

and axioms. There exists a substantial body of work describing methodologies for the 

design of ontologies at different levels of expressiveness [19]. A key challenge in this 

part will be the identification of a suitable methodology for the construction of data 

quality management ontologies. 
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How can we estimate the costs for ontology construction, maintenance, popula-

tion, and usage? By analysis of the manual processes related to ontology development and 

use, we aim to identify reference parameters that allow the application of a cost prediction 

model [17] to predict the costs of creating and using respective ontologies ex ante and from in-

complete information. E.g. the 

number of concepts within the 

domain of interest might allow a 

quick estimation of the potential 

costs for respective ontologies. 

The identified technique will be 

validated within at least one case 

study. 

 

How can we estimate the 

reduction in costs caused by 

poor data quality? Data qual-

ity problems usually affect one 

or more business processes in 

their performance. Ontologies 

are most likely not able to solve 

all data quality problems. Hence, 

for assessing the benefits of 

OBDQM, we first need to know what data quality problems can be solved by ontologies and, 

secondly, we must be able to quantify the avoided losses from data quality problems which can 

be solved with our approach.  
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Problems of Both Scenarios 

 

Data Quality Problem Instance Schema Cause type 

Existence of synonyms X X Heterogeneity, 

Redundancy 

Existence of homonyms X X Heterogeneity, 

Ambiguity 

Approximate duplicate tuples X   Redundancy 

Inconsistent duplicate tuples X   Redundancy, 

Inconsistency 

Business domain constraint violation X X Inconsistency 

Outdated conceptual elements   X Inconsistency 


