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ABSTRACT 

Developments in Information and Communication Technologies (ICT) have opened up 
new possibilities in decision making processes. Many organisations are shifting their 
business to cloud and web-based computing, and maintenance is no exception. For 
example, the development of nternet and communications has contributed to the 
emergence of eMaintenance, a new trend in manufacturing that deploys advances in the 
information age to facilitate maintenance. 

Since we are living in the information age, information is crucial. 
Information is generated from data representing real life facts and activities. It represents  
knowledge concerning objects, such as facts, events, things, processes or ideas. Poor 
Data Quality (DQ) reduces customer satisfaction, leading to poor decision making,  
negative  impacts on an organisation’s strategy execution. In order to improve DQ, 
metadata is included in every database management system. Metadata contains 
information describing the data in a database such as database constraints and 
permissions. Accurate and detailed metadata will help to reduce errors during data 
collection process that may lead to dirty data. In order to improve DQ and support 
decision-making process, the current status of data needs to be measured and 
evaluated before taking any decisions based on the collected data. Although DQ has 
been studied in different operational areas, few studies address DQ assessment process.  

The purpose of this research  to develop models and tools to assess quality of data, 
to enhance maintenance decision-making. The research purpose  achieved 

through: i) exploring the issues and challenges related to DQ in maintenance and find 
their impact on maintenance process ii) investigating the best practices 
and ontologies of eMaintenance to provide support  improv  the quality of data 
iii) developing a framework, models and tools to assess DQ and provide decision
support

In the research process, different case studies have been conducted. Empirical data were 
collected through interviews, observations, and archival records. The resulting analysis 
draws on various models and tools, as well as the available international standards related 
to DQ. 

The result : i) definition of DQ problems,  their root-cause and 
linking their effect to the maintenance process, ii) study of eMaintenance 
ontologies, their application area, and the support they can provide to the DQ lifecycle, 
iii) models and tools that can be part of an eMaintenance framework
to assess DQ. 
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1. INTRODUCTION

1.1 Background 
To maintain a competitive edge, organizations need to make right decisions based on 
high quality of information. High quality information is dependent on the quality of the 
raw data and the way it is processed. Data Quality (DQ) is defined as data that fits for use 
by data consumers (Strong, Lee, & Wang, 1997b). Common thinking about DQ has 
focused on attributes like accuracy, precision, timeliness, reliability, security, etc. 

Unfortunately, DQ is seldom assessed or even considered. Lacking a clear and precise 
understanding of DQ causes costly errors, confusion, impasse, risks and missed 
opportunities (Floridi, 2013). Given the strategic value of data in the running of business 
processes, their quality is crucial (Caro, Calero, Caballero, & Piattini, 2008). The value 
added by DQ must be tied to meeting business expectations, and measured in relation to 
DQ attributes. This involves identifying business impacts, their related data issues, their 
root causes, and then a quantification of the costs to eliminate the root causes. 

The consequences of poor DQ are significant, not just to businesses, but to governments 
and society in general (ISO/TS, 2009). The cost of these problems has been estimated as 
equaling 8-25% of an organization’s revenue; 40-50% of its budget can be dedicated to 
solving problems associated with low quality data. Worse yet, although 11% of US firms 
recognize problems in their management of DQ, only 48% plan to do something about 
it (Guerra-García, Caballero, & Piattini, 2014). To solve these problems, it is necessary 
to construct the right conceptual and technical framework to analyze and evaluate DQ 
attributes (Floridi, 2013).  

In maintenance area, business impacts related to data errors include many negative 
impacts such as: 

Financial impacts such as increased operating costs, decreased revenues, missed
opportunities, reduction in cash flow and increased fines

Impacts on decision making including delayed or improper decisions
Satisfaction impacts, such as decreased customer and organizational trust, low
confidence in forecasting, inconsistent operational and management reporting
Productivity impacts such as increased workloads, decreased throughput,
increased processing time, or decreased end-product quality

Risk impacts associated with health and safety hazards

Post-industrial societies live by information, and metaphorically speaking, Information 
and Communication Technology (ICT) keeps them oxygenated (English, 2009). With 
the rapid growth of the Internet, more companies rely on web-based Information 
Systems (IS) to collect data from many sources. The development of Internet 
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communication has also contributed to the emergence of eMaintenance, a trend in 
manufacturing that takes advantage of the information age to facilitate maintenance. 

From the top to the lower managerial levels of an organization, a sensible and 
understandable rationale must be applied to ensure active participation in efforts to 
improve DQ. Commonly used rationales include the following (Y. W. Lee, Pipino, 
Funk, & Wang, 2006): 

Data of high quality are a valuable asset.

Data of high quality can increase customer satisfaction.
Data of high quality can improve revenues and profits.

Data of high quality can be a strategic competitive advantage.

In maintenance decision-making processes, the quality of a decision is strongly linked to 
the quality of the data used during the data analysis (Söderholm, Karim, & Candell, 2011). 
When dealing with maintenance information logistics, content management is important 
(Karim, 2008). DQ is the backbone of a maintenance system; it allows a clear 
maintenance strategy to be derived from and linked to the corporate strategy.  

In the literature, there are many attempts to assess DQ, but these attempts suffer from the 
following:   

1) The variety of methods used. Many models are based on qualitative assessments
using a wide range of methods. There is no standard agreed-on assessment.

2) Quantitative methods are very limited and used in specific contexts; nor do they
consider metadata in the assessment procedure.

3) The standards for DQ are limited to data exchange in specific areas such as
military, healthcare, etc. Some standards focus only on data accuracy, ignoring
other DQ attributes, such as consistency, timeliness, completeness and others.

This research considers these problems in the light of solutions already available in the 
literature. It develops a qualitative assessment model of DQ that can be used in different 
contexts. It also develops a quantitative assessment model that considers DQ attributes 
and metadata information. In addition, it proposes improvements to the ISO 8000 
standard for DQ. It applies the suggested methods within an eMaintenance context using 
tools developed to support decision makers by assessing and improving DQ. 1.2 Problem definition 
In today’s world of massive electronic datasets and difficult decision making policies, DQ 
problems can create significant economic and political inefficiencies (Karr, Sanil, & 
Banks, 2006). Information quality is critical for every aspect of modern life and its quality 
largely determines the quality of decisions made, ultimately affecting the quality of 
activity and action outcomes in both organisations and society in general. Data are the 
foundation for information and an important criterion for making strategic business 
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decisions. Inadequate DQ has major financial consequences and can lead to incalculable 
losses (T. Redman, 2004). US businesses spend about $600 billion a year because of poor 
DQ (Eckerson, 2002). In addition, about 75 per cent of businesses identify costs 
originating from poor quality “dirty” data (Marsh, 2005). 

DQ (Key Performance Indicators) KPIs or metrics need to be tied to organizational 
performance, otherwise it will be difficult to know:  

How to distinguish high impact from low impact DQ issues

How to improve the source causing data flaws to fix the process instead of correcting
the data only

How to correlate business value with source DQ

Academics and professionals have initiated steps to rectify the lack of a clear and precise 
understanding of DQ properties, as long ago as the first International Conference on 
Information Quality in 1996. In 2006, the Association of Computing Machinery 
launched the Journal of Data and Information Quality. The Data Quality Summit now 
provides an international forum for the study of information quality strategies (Floridi, 
2013). Pioneering investigations from the 1990s, including Wang (1993) (1998), Tozer 
(1994), Redman and Thomas (1997), and other research programs such as the 
Information Quality Program at MIT have addressed some of the issues, created 
plausible scenarios and codified best practices.  

DQ principles are now a core business practice in some fields, including business, 
medicine, geographic information systems, remote sensing and many others. A short 
survey of the literature follows to identify how DQ has been considered in some of these 
areas. 

Wang et al. (1995) developed a framework that can be used to analyse existing research 
on DQ and identify important future research directions. In selecting the appropriate 
body of research for examination, two primary criteria are used to: 1) recognise DQ 
problem-related research 2) address problems in components that are related to DQ 
management (R. Y. Wang, Storey, & Firth, 1995). 

Ballou and Tayi (1999) offered a conceptual framework for enhancing DQ in Data 
Warehouse (DW) environments. Factors that should be considered include: the current 
level of DQ, the levels of quality needed by the relevant decision processes, and the 
potential benefits of projects designed to enhance DQ (D. P. Ballou & Tayi, 1999). 

Leitheiser (2001) examined the issues faced by health care organisations in trying to 
deliver high quality information to clinical and financial end-users in an environment 
with many diverse source systems and organisational units with different business rules. 
A model for understanding DQ issues in this environment is developed and applied to a 
mid-sized hospital health care organisation. The suggested model, an architectural data 
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warehouse environment, consists of data source systems, DWs, datamarts, end-user 
analysis tools, and transformation/transportation tools (Leitheiser, 2001). 

Xu et al. (2002) carried out an empirical study of DQ issues during the implementation 
of Enterprise Resource Planning (ERP) systems. They designed a model to illustrate DQ 
issues in implementing ERP (using SAP software) in two large Australian companies (Xu, 
Nord, Brown, & Nord, 2002). 

Lee (2003) suggested professionals solve problems by crafting rules to integrate business 
processes and data processing. The integration can be achieved by explicating DQ 
contexts embedded in data or re-establishing the missing contexts in data. Reflecting on 
and explicating contexts dictates how a DQ problem is framed, analysed and solved. Lee 
also suggested context-reflective knowledge about solutions must be recorded and shared. 
The reflective context considers why a company collects particular data, how these data 
are stored, what constraints are imposed and how the information is used (Y. W. Lee, 
2003). 

Li et al. (2011) analysed knowledge maintenance logs from the control flow perspective 
to find a good characterisation of knowledge maintenance tasks and dependencies. In 
addition, they analysed logs from an organisational perspective to cluster the performers 
who are qualified to do the same kinds of tasks and to find relations among the clusters. 
The proposed approach was previously applied in knowledge management. The results 
showed that he approach is feasible and efficient in maintenance (Li, Liu, Yin, & Zhu, 
2011). 

Using data uncritically, without considering their potential errors, can lead to errors and 
misleading information (Chapman, 2005). In order to reduce the negative impact of 
problems (technical, organizational or legal) resulting from inadequate levels of DQ, it is 
paramount that companies have a quantitative perception of their actual importance 
(Caballero, Verbo, Calero, & Piattini, 2008). “Only what can be measured can be 
improved” (Wand & Wang, 1996) (English, 1999), making DQ measurement of 
paramount importance.  Many companies are running DQ initiatives in an attempt to 
improve DQ, but how many really measure the quality of their data? Do they know the 
best assessment method? How many can even implement a measurement system?  

In general, quality of data is influenced by three main factors: the perception of the user, 
the data themselves, and the process of accessing the data. These three factors can be seen 
as the subject, object, and predicate of a query, making each an essential component of 
that query (Naumann & Rolker, 2000).  

DQ can be assessed on three levels: content, data source, and information system quality. 
There are major attributes of content quality: accessibility, availability, relevance, 
timeliness, and integrity. Data sources can be subjective or objective. Subjective sources 
include human observers, experts and decision makers. Objective information sources 
such as sensors, models, automated processes are free of the biases inherent to human 
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judgment and data quality depends only on how well sensors are calibrated (Rogova & 
Bosse, 2010). 

Metadata are an important part of every database in information systems. DQ is mainly 
concerned with the data as content; but metadata also affect DQ. Metadata can be 
described as data about data, also known as a system catalogue (Connolly, Begg, & 
Holowczak, 2008). Metadata represent a set of concepts describing the semantic content 
of a piece of information. Over the last 30 years, we have witnessed a tremendous growth 
in the use of metadata in information systems (Y. W. Lee et al., 2006). Although well-
designed metadata help produce high quality data, they are not yet used for DQ 
assessment. This thesis takes advantage of the possibilities inherent in metadata to propose 
a new method to assess data quality.  

The literature includes several methods for assessing data quality. Quality measurements 
are often on a scale between 0 (poor) and 1 (perfect) (R. Y. Wang et al., 1995)(T. C. 
Redman & Blanton, 1997) (Pipino, Lee, & Wang, 2002). Some methods, referred to by 
(D. P. Ballou & Pazer, 2003) as structure-based or structural, are driven by physical 
characteristics of the data (e.g., item counts, time tags, or defect rates). Such methods are 
impartial; they assume an objective quality standard and disregard the context in which 
the data are used (Even & Shankaranarayanan, 2009). Other measurement methods, 
referred to as content-based (D. P. Ballou & Pazer, 2003), derive measurements from 
data content. Such measurements, also called contextual assessments, typically reflect the 
impact of quality defects within a specific usage context (Pipino et al., 2002). 

Despite what mentioned above, there is a gap and literature contributions lack some 
aspects that can be summarize  in the following: 

1. There is variety of methods qualitative and quantitative. Even quantitative
methods hardly agree on unified measurement criteria.

2. The huge number of studied standards shows that it’s hard to decide what standard
can be suitable to manage and transfer data.

3. Metadata is important source of getting knowledge about the data and database
system. Using metadata to assess DQ along with content analysis can provide more
accurate assessment. However, metadata hardly mentioned in DQ assessment
literature.

The assessment models proposed in this thesis are an attempt to fill the gap mentioned 
above. The proposed model suggest a unified qualitative and quantitative assessment 
methods that can be a good source for DQ researchers. These models are based on the 
analysis of content and database metadata (quantitative assessment) for some attributes and 
qualitative assessment using expert evaluations for others. Merging and comparing the 
two assessments yields valuable insights into the assessment of data quality.  
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1.3 Research Purpose and Objectives 
The purpose of this research is to develop models and tools to assess quality of data, to 
enhance maintenance decision-making. The research purpose is achieved through: 

i) exploring the issues and challenges related to DQ in maintenance and find 
their impact on maintenance process 

ii) investigating the best practices and ontologies of eMaintenance to provide 
support for improving the quality of data  

iii) developing a framework, models and tools to assess DQ and provide decision 
support 1.4 Research Questions  

To achieve the objectives, the research asks the following three questions: 

RQ1: What are the potential areas of improvement in the quality of maintenance data?  

RQ2: What are the best practices and ontologies that support the quality of 
maintenance data? 

RQ3: How can the quality of maintenance data be assessed?  
 1.5 Scope and Limitations  
 DQ assessment in this research is limited to data stored in database, i.e. structured 

data. Other types such as semi-structured or unstructured data are not considered. 

 Organizations, in general, have multiple systems that share and exchange data with 
other organizations, creating a need to manage the quality of their data. Data 
management is out of the scope of this study. 

 Data error corrections such as data cleansing and data quality assurance are not 
considered in the present research. 

 DQ depends on the context, and the evaluation of DQ may change according to 
that context. In this research, the assessment models are applied in the context of 
eMaintenance.  1.6 Research Significance  

Information and DQ have received significant attention in recent years in many areas, 
including communication, business processes, personal computing, health care, and 
databases. In information science research, data quality has been investigated extensively, 
but much of the discussion has been devoted to underlying dimensions or attributes, such 
as accuracy, completeness, presentation and objectivity, with a focus on how to define 
these dimensions (Arazy & Kopak, 2011).  

The research study provides extensive study of DQ KPIs, particularly on attributes such 
as integrity, accuracy, completeness, etc. the research studies DQ assessment methods 
available in literature and develops new models. Using standards, metadata and 
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programming languages to develop eMaintenance tools for DQ is important in the 
industrial operations and maintenance areas.   

The results of this research have implications for decision makers, as they seek to make 
the right decisions based on the right data. Knowing the quality of data will provide an 
indicator of the validity of decisions based on knowledge derived from this data. It should 
raise the awareness of decision-makers, leading to the adoption of DQ programs in the 
organizational structure and information systems. 

In addition, the research provides a reference for data quality researchers that may help 
in the development of the topic.  1.7 Thesis Structure  
The thesis is structured in seven chapters, as described in Figure 1.  

Figure 1. Structure of the thesis. 

Chapter 1 describes the background, state-of-the-art research and problems related to 
the research area. It gives the research purpose, research objective, research questions, 
scope and limitations, and structure of this research.  

Chapter 2 provides a description of the main theoretical framework of this research. It 
includes theories of eMaintenance, data, information and data quality.  

Chapter 3 describes some aspects of the research, e.g. approaches, purposes, strategies, 
data collection and analysis. It explains the research choices related to these aspects. More 
specifically, the selection of research methodologies. 

Chapter 4 summarizes the appended papers and describes the models and tools applied 
in this research. 

Chapter 5 presents the findings for the research questions. 

Introduction and BackgroundChapter 1

Theoretical FrameworkChapter 2

Research MethodologyChapter 3

Summary of Appended PapersChapter 4

ResultsChapter 5

DisscussionsChapter 6

Contribution and Conclusions
Future work

Chapter 7
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Chapter 6 discusses the conclusions and results described in Chapter 5. It discusses the 
reliability and validity of the results and summarizes the research contributions. 

Chapter 7 concludes the thesis. It analyses the results presented in Chapters 5 & 6 and 
offers suggestions for further research. 

References provides a list of references. 

Appended Papers include six papers. 
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2. THEORETICAL FRAMEWORK

This chapter presents the theoretical framework of the thesis and explains its relevance. 2.1 Maintenance and eMaintenance 
Maintenance is a combination of all technical, administrative and managerial actions 

during the life cycle of an item intended to retain it in, or restore it to, a state in which 
it can perform the required function (SS-EN 13306, 2010). Types of maintenance 
include preventive maintenance, predetermined maintenance, condition based 
maintenance, predictive maintenance, corrective maintenance, remote maintenance, and 
on-line maintenance (SS-EN 13306, 2010). A generic maintenance process consists of 
phases for management, support planning, preparation, execution, assessment and 
improvement (IEC, 2004). However, emerging applications of ICT support companies 
in shifting their manufacturing operations from a traditional factory integration 
philosophy to an e-factory and e-supply chain philosophy (Zurawski, 2004). 
eMaintenance refers to the use of ICT solutions in the maintenance area (Levrat, Iung, 
& Marquez, 2008). 

The management of maintenance consists of all activities that determine maintenance 
objectives, strategies and responsibilities, their implementation through maintenance 
planning and maintenance control, and their improvement. This is shown in Figure 2 
(IEC, 2004). The elements of maintenance support planning are: maintenance support 
definition, maintenance task identification, maintenance task analysis and maintenance 
support resources.  

Maintenance preparation comprises the planning of maintenance tasks, scheduling 
activities, and assigning and obtaining resources. The maintenance execution phase 
includes the actual performance of maintenance, recording results and special safety and 
environmental procedures. Maintenance assessment refers to the measurement of 
maintenance performance, analysis of results and determination of actions to be taken. 
Finally, maintenance improvement is achieved by improving the maintenance concept, 
improving the resources, improving the procedures and modifying the equipment that is 
maintained (IEC, 2004). 

Figure 2. Phases of an overall maintenance process (IEC, 2004) 
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Maintenance processes are supported by heterogeneous resources, such as 
documentation, personnel, support equipment, materials, spare parts, facilities, 
information and information systems (ISO/IEC, 2008). The provision of the right 
information to the right user with the right quality and at the right time is essential (Parida 
& Kumar, 2006) (J. Lee, Ni, Djurdjanovic, Qiu, & Liao, 2006). This situation can be 
achieved through appropriate information logistics, providing just-in-time information 
to targeted users and optimising the information supply process. While the provision of 
just-in-time information to the right users is essential to maintenance, we propose adding 
the need for correct information at the correct time, i.e. information based upon high 
quality data.  

eMaintenance is a multidisciplinary domain based on maintenance and ICT. Its services 
are aligned with the needs and business objectives of customers and suppliers during the 
whole product lifecycle (Kajko-Mattsson et al. 2011). eMaintenance is a process managed 
and performed via computing. This includes activities in all phases of the maintenance 
process, with a variety of ICT solutions ranging from computerized maintenance systems 
to sensor technologies. In eMaintenance, assets are monitored and proactive maintenance 
decisions arrived at using Internet and other ICT tools (Verma, Srividya, & Ramesh, 
2010). eMaintenance also provides companies with predictive intelligence tools to 
monitor their assets (equipment, products, process, etc.) through Internet and wireless 
communication systems to prevent them from unexpected breakdowns. These tools can 
show a product's performance through globally networked monitoring systems, allowing 
companies to focus on degradation monitoring and prognostics rather than fault detection 
and diagnostics (J. Lee, 2001). Briefly stated, eMaintenance technologies increase the 
possibility of: 1) utilizing data from multiple origins; 2) processing large volumes of data 
and making more advanced reasoning and decision making; and 3) implementing 
collaborative activities (Iung, Levrat, Marquez, & Erbe, 2009). 2.2 eMaintenance Data Flow 
To perform prognostic or diagnostic maintenance on a specific item, eMaintenance 
solutions require access to a number of different data sources, including maintenance data, 
product data, operation data, etc. As these sources of data often operate in a 
heterogeneous environment, integration between the systems is problematic (Wandt, 
Karim, & Galar, 2012). As illustrated in Figure 3, different types of data are collected 
from heterogeneous sources, such as Computerized Maintenance Management Systems 
(CMMS) and Product Data Management System (PDM). The data are processed and 
integrated through a data fusion process and transformed into an eMaintenance 
information warehouse system. Data quality needs to be considered throughout the 
process, from data collection to data fusion and integration. 

eMaintenance only emerged in the early 2000s, but its use is now widespread in industry. 
Its solutions integrate ICT with the maintenance strategy, creating innovative ways to 
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support production (e-manufacturing) and business (e-business) (Muller, Crespo 
Marquez, & Iung, 2008).  Since data are often transferred between heterogeneous 
environments, eMaintenance solutions must have interconnectivity. All systems within 
the eMaintenance network must be able to interact as seamlessly as possible to exchange 
information in an efficient and usable way. In addition, important aspects of data quality, 
such as data accuracy, consistency and integrity, should be assured (Blake & Mangiameli, 
2011). 

 

Figure 3. eMaintenance data access. 

In maintenance, like any other area of industry, problems in DQ have a direct impact on 
decision-making process. Problems can often be traced to the heterogeneous sources of 
data. Therefore, dealing with these problems should be considered during the data flow 
process, with the help of eMaintenance ontologies.  2.3 Data Quality  
Data are a representation of the perception of the real world. They can be considered the 
basis of information and digital knowledge. There are many types of data, for example, 
texts, numbers, images, and sounds (Caballero, Verbo, Calero, & Piattini, 2007). Data 
can also be defined as a symbolic representation of something that depends, in part, on 
metadata for meaning. A dataset is a logically meaningful grouping of data. Master data 
are data held by an organization that describe the entities that are both independent and 
fundamental for that organization, entities it must reference to perform its transactions; 
see Figure 4 (ISO/TS, 2012).  
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Data

Measurement Data Transaction Data Master Data

Characteristic DataReferencing Data

Records the quantity of 
something

Represents the completion 
of s business action

Describes the fundamental 
entities for the organization

Defined by reference to 
another organization’s 

master data

Defined by the 
characteristics of the entity 

being described

Figure 4. Taxonomy of data (for master data) (ISO/TS, 2009) 

Information about objects includes facts, events, things, processes, or ideas, as well as 
concepts that within a certain context have a particular meaning. An information system 
is one or more computer or communication system, together with the associated 
organizational resources (human, technical, and financial) that provide and distribute 
information (ISO/TS, 2008).  

DQ can be defined as data fit for use by data consumers (Strong, Lee, & Wang, 1997b). 
Common thinking about DQ has focused on attributes like accuracy, precision, and 
timeliness. Levitin et al. (1998) considered two important aspects to ensure DQ:  1) data 
models must be clearly defined; and 2) data values must be accurate (Levitin, 1998). In 
CMMS, three important groups may affect DQ: data producers, data custodians, and data 
consumers. Data producers are people or systems generating data. Data custodians provide 
and manage computing resources for storing and processing data. Finally, data consumers 
are people or systems using data. The latter are critical in defining data quality (Leitheiser, 
2001). 

High quality information is dependent on the quality of the raw data and the way it is 
processed. Data processing has shifted from providing operations support to becoming a 
major aspect of operations, making the need for quality management of data more urgent 
(R. Y. Wang & Strong, 1996). 
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Poor quality data result in customer dissatisfaction, lost revenue and higher costs 
associated with the additional time required to reconcile data. This can lead to a decline 
in the system’s credibility and increase the risk of noncompliance with regulations. It 
also increases consumer costs, increases taxes, decreases shareholder value and can cause 
mission failure (ISO/TS, 2009). The following are affect data quality (Strong, Lee, & 
Wang, 1997):  

1. Stand-alone IT-systems mean not all departments in an organisation are connected 
to the system. 

2. Multiple sources of the same information produce different values. 
3. Information is produced using subjective judgments, leading to bias.  
4. Systematic errors in information production lead to lost information.  
5. Large volumes of stored information make it difficult to access information in a 

reasonable period of time  
6. Manual input and transfer of data could lead to missing or erroneous data. 
7. Distributed heterogeneous systems lead to inconsistent definitions, formats and 

values. 
8. Nonnumeric information is difficult to index 
9. System usability may cause difficulty when searching for relevant information. 
10. Automated content analysis across information collections is not yet available. 
11. Easy access to information may conflict with requirements for security, privacy 

and confidentiality. 
12. Lack of sufficient computing resources limits access. 
13. Problems with metadata (the description of data, developed and added to the 

system database during the implementation phase of the information system). 

In general, information sources can be subjective or objective. Subjective sources include 
human observers, experts and decision makers. Information from such sources is normally 
subjective, including beliefs, hypotheses, and opinions. The quality of these data differs 
from one person to other.  

The quality of objective information sources, such as sensors, models, and automated 
processes, is free of the biases inherent to human judgment but is dependent on how well 
the sensors are calibrated and how adequate the models are (Rogova & Bosse, 2010). 
About 80% of the identified maintenance data quality problems are related to subjective 
sources (Aljumaili, Rauhala, Tretten, & Karim, 2011). 

Product manufacturing is extensively discussed in the literature, especially the concept of 
Total Quality Management (TQM), along with principles, guidelines, and techniques for 
product quality. TQM provides guidelines for DQ and IQ management. An organization 
can use TQM principles to build a DQ project, identify critical issues, and develop 
procedures and metrics for continuous analysis and improvement. But these approaches 
have limitations (R. Y. Wang, 1998) deriving from the nature of data and information 
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production process and the use of this information. Data can be used by different 
consumers in different contexts. 

Defining, measuring, analyzing, and improving DQ continuously are essential to ensure 
high quality data. In general, DQ assessment consists of several steps that should be taken 
by an organization, the users and the developers (see Figure 5):   

1. The definition step identifies important DQ dimensions within the required 
context. 

2. The measurement step defines and produces metrics and measures necessary to 
evaluate DQ.  

3. The analysis step identifies root causes of DQ problems and calculates the impact 
of poor quality information. 

4. The improvement step suggests suitable techniques to improve DQ. 

 

Figure 5. Process to insure high quality data. 

All of these steps should be applied along DQ dimensions based on the requirements 
specified by the consumer. Therefore, the context plays an important role in each step. 
However, maintaining DQ could be costly for the company. The two curves in Figure 
6 represent costs inflicted by poor quality data and the costs of maintaining high DQ, 
respectively. The costs inflicted by poor quality data are for example faulty decisions based 
on poor data quality, whether this is of operational or strategic character. 
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Figure 6. Costs incurred by data quality on the company (Haug et al. 2011) 

The connection between costs inflicted by poor quality data and costs of ensuring high 
DQ can be logically categorized as a trade-off, which is a situation involving the loss of 
one quality in return for gaining another quality. 2.4 Data Quality Attributes 
The study of DQ dimensions is necessary for any organization in any business for many 
reasons. First, it facilitates the assessment and measurement of the quality of the data. 
Second, it provides a framework for creating DQ guidelines and improvement plans. 
When developing these measures, a company must determine what is to be measured 
and what set of DQ dimensions are important to its mission and operations. Many 
dimensions are multivariate in nature. Therefore, the attributes important to the firm 
must be clearly identified and defined (Y. W. Lee et al., 2006).  

During the 1970s and 1980s, the Financial Accounting Standards Board (FASB) issued 
several concept statements to guide the development of accounting and reporting 
principles for use by US companies. Statement No. 2 identifies and discusses the 
following (Atkinson, 2006): 

1. Benefits of the information disclosure should exceed cost. 
2. Information should be relevant. 
3. Information should be reliable. 
4. Information should be comparable. 
5. Information should be material. 
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Taylor & Voigt (1986) identified five kinds of values (i.e., dimensions) that Information 
Quality (IQ) may possess: accuracy, comprehensiveness, currency, reliability, and validity 
(Taylor & Voigt, 1986). Another intuitively derived classification was obtained through 
empirical studies engaging participants directly by asking them to select attributes that 
were important in their individual perceptions of IQ. Wang and Strong’s (1996) study, 
for example, surveyed 137 users, yielding 179 different quality attributes that eventually 
reduced to 20 dimensions, and then further reduced to four primary IQ categories (R. 
Y. Wang & Strong, 1996). Lee et al. (2002) gathered IQ attributes from 15 studies, 
differentiating between those studies employing attributes from academic and practitioner 
points of view. The researchers adapted the categories proposed by Wang and Strong 
(1996) and reduced IQ attributes to four main categories (Y. W. Lee, Strong, Kahn, & 
Wang, 2002). In a more recent review, Knight and Burn (2005) compared 12 earlier 
studies using a variety of IQ attributes, reducing the number of attributes to 20, based on 
the frequency where each attribute appeared across all examined studies (Knight & Bum, 
2005). A summary of the result of DQ attributes according to the literature is provided 
in Table 1. 

Table 1. DQ Dimensions (Knight & Bum, 2005) 

DQ DIMENSION   DEFINITION 
ACCURACY  extent to which data are correct, reliable and certified free of error 

CONSISTENCY  
extent to which information is presented in the same format and 
compatible with previous data 

SECURITY  
extent to which access to information is restricted appropriately to 
maintain its security 

TIMELINESS  extent to which information is sufficiently up-to-date for the task at hand 

COMPLETENESS  
information is not missing and is of sufficient breadth and depth for the 
task at hand 

CONCISE  extent to which information is compactly represented  
RELIABILITY extent to which information is correct and reliable 
ACCESSIBILITY extent to which information is available, or easily and quickly retrievable 
AVAILABILITY extent to which information is physically accessible 
OBJECTIVITY  extent to which information is unbiased, unprejudiced and impartial 
RELEVANCY extent to which information is applicable and helpful for the task at hand 
USABILITY extent to which information is clear and easily used 
UNDERSTANDA
BILITY 

extent to which data are clear without ambiguity and easily 
comprehended 

AMOUNT OF 
DATA 

extent to which the quantity or volume of available data is appropriate 

BELIEVABILITY extent to which information is regarded as true and credible 
NAVIGATION extent to which data are easily found and linked to the task at hand 

REPUTATION 
extent to which information is highly regarded in terms of source or 
content 

USEFUL extent to which information is applicable and helpful for the task at hand 

EFFICIENCY 
extent to which data are able to quickly meet the information needs for 
the task at hand 

VALUE ADDED extent to which information is beneficial and its use provides advantages  
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2.5 DQ Assessment Process  
DQ assessment is the scientific and statistical evaluation of data to determine if they meet 
the planning objectives of a project and are of the right type, quality and quantity to 
support their intended use. 

To be able to measure the quality of data, it is necessary to make assessments along a 
number of dimensions (Y. W. Lee et al., 2006). At this point, most assessments of DQ 
attributes are based on user experience which may be dependent on user perception. 
However, other attributes are associated with the data themselves at the table or record 
level. The assessment of some attributes related to the metadata constraints level is shown 
in Figure 7.  

Figure 7. Data Quality Assessment Levels 

The DQ assessment process can be divided into subjective and objective assessments. 
Subjective assessment is based on user evaluations and surveys while objective assessment 
is based on metrics that can be calculated by measuring DQ attributes.  2.5.1 Objective Assessment  
Within a specific dimensional category, the specific measure to assess a specific dimension 
could vary from organization to another (Lee et al. 2006). This thesis uses metrics 
developed by (Codd, 1970) and used for DQ assessment by (Y. W. Lee et al., 2006).  

Metrics related to DQ attributes that can be assessed quantitatively are either extracted 
from the data content or from metadata describing the data. Data content-related 
attributes to be assessed are accuracy, consistency, and validity. Metadata related attributes 
include completeness, data domain, and data type. Other attributes are related to user 
evaluations: usability, believability, reputation, relevancy and other attributes listed in 
Table 1.  

An example of how metrics are extracted from the data content is the measure of 
completeness. Complete data are defined as data having all values recorded (Gomes, 
Farinha, & Trigueiros, 2007). The completeness dimension can be viewed from at least 
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three perspectives: schema completeness, column completeness, and population 
completeness (Y. W. Lee et al., 2006). An incomplete value represents an unknown or 
missing value in the real world, or it represents a value yet to be entered into a database. 
A value of null is used to represent an incomplete data item (Blake & Mangiameli, 2011). 
Therefore, it can be calculated as:  

Completeness= 1- (No. of incomplete items / total no. of items) 

An item could be a file or a record.  

Another example is data accuracy which denotes the extent to which data are correct and 
free-of-error (R. Y. Wang & Strong, 1996). The dimension of accuracy itself, however, 
can consist of one or more variables, only one of which is whether the data are correct 
(Y. W. Lee et al., 2006). If we are counting the number of data units in error, the metric 
is:  

Accuracy= 1-(no. of items in error / total no. of item) 

The same method can be used to find other metrics for quantitative assessments.  2.5.2 Subjective Assessment  
As mentioned, most DQ attributes can be assessed using user evaluation. A value 
expressed in the range of 0 to 1 has long been used in DQ metrics (Dillard, 1992).  

In this study, this assessment is based on expert evaluation of the data attributes. Data 
collection is achieved using a set of questions answered by experts. These attributes are: 
usability, accessibility, amount of data and other attributes that are evaluated by user 
rating. The user should select one value from a range of values for each attribute.    

Note that the source of the data has a significant impact on DQ (Aljumaili, Tretten, 
Karim, & Kumar, 2012). In general, data can be produced manually (human) or 
automatically (machine). As mentioned previously, most DQ problems result from 
manual data sources. This attribute is referred to as reputation. 2.6 eMaintenance Ontologies 
In an increasingly interconnected world, interoperability is more important than ever, 
and interoperability problems are very costly. Studies of the US automobile sector, for 
example, estimate that insufficient interoperability in the supply chain adds at least $1 
billion in additional operating costs, of which 86% is attributable to data exchange 
problems. The adoption of standards to improve interoperability in the automotive, 
aerospace, shipbuilding and other sectors could save billions (Folmer, 2011). 
Standardisation is the way to achieve interoperability.  

The maintenance data lifecycle shown in Figure 8 includes the following phases: data 
collection, data transition, compilation, analysis, visualisation and contextualisation.  
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1. Data collection: obtaining the relevant data and managing its content. Data can be 
collected from many different sources: sensors, RFID tags, people, etc. 

2. Data transition: transferring collected data from a source location to a data 
management system without affecting content.  

3. Data fusion: combining data from different sources in one data warehouse (DW) 
using methods that insure their quality. 

4. Data analysis: analysing data and extracting information and knowledge for 
decision making support. 

5. Visualisation: visualising the information for the intended user or decision maker. 
The visualisation could be statistics or reports. 

6. Contextualisation: putting the visualised information into the needed context so 
it becomes meaningful and understandable. 

Figure 8. Data Quality Lifecycle 

In eMaintenance solutions, the design of integration architecture mechanism defines the 
structure of the data elements and the relations between these elements, i.e. ontology. In 
manufacturing, it is necessary to share technical and business information seamlessly 
throughout the whole enterprise (Ray & Jones, 2006). This can be achieved using 
eMaintenance ontologies. eMaintenance ontologies are represented by the published 
standards that can be used to support maintenance. These standards offer some stability 
by proposing information models for data representation, an essential property for long-
term data exchange and archiving (Cutting-Decelle, Pouchard, Das, Young, & Michel, 
2004). A summary of ontologies is illustrated in Table 2; details of these ontologies are 
found in appended paper C.  

Table 2. eMaintenance Ontologies. 

Ontology Description 
eMaintenance 
Scope 

Data 
production 
phase 

OPC UA 

OPC is designed for Open 
Productivity and Connectivity in 
industrial automation and enterprise 
systems that support industry 

Software and 
information 
interoperability 
between systems

Data fusion, data 
visualization and 
contextualization 
phases 

MIMOSA

MIMOSA provides metadata 
reference libraries and a series of 
information exchange standards using 
XML and SQL  

Measurement and 
condition based 
maintenance data 
transfer 

Data collection 
and data transfer 
phases 

Data collectionnD Data Data 
Transition Data Fusion Data Analysissis

Visualization
& & 

Contextualization 
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PLCS 

PLCS specifies an information model 
used for the exchange of assured 
product and support information 
throughout the entire product life 
cycle from concept to disposal. 

Product 
management and 
maintenance, 
suitable for 
complex products 
and large 
companies 

Data collection 
and data analysis 
phases 

ISA-95 

ISA-95 is the international standard 
for the integration of enterprise and 
control systems. ISA-95 consists of 
models and terminology to determine 
which information has to be 
exchanged between systems for 
maintenance and quality. 

Maintenance data 
transfer and 
management  

Data transfer, 
data fusion and 
analysis phases 

XML 

XML is a simple text-based format for 
representing structured information: 
documents, data, configuration, 
books, transactions, invoices, and 
much more. 

Maintenance data 
representation, 
visualization, 
standardization, 
and exchange. 

Data transfer, 
data visualization 
and 
contextualization 

STEP 

STEP is a family of standards defining 
a robust and time-tested methodology 
method for describing product data 
throughout the life cycle of a product. 

Product life cycle 
management and 
enterprise product 
management. 

Data collection 
phase 

CORBA 

CORBA specifies interfaces that allow 
seamless interoperability among clients 
and servers under the object-oriented 
paradigm.(Pyarali & Schmidt, 1998) 

Services and 
supplications 
interoperability, 
eMaintenance 
support. 

Data transfer and 
fusion phases 

OAGIS 

OAGIS standard aims to achieve 
interoperability between disparate 
enterprise business systems by 
standardizing the architecture of the 
messages they exchange. 

Data 
standardization to 
be exchanged 
between systems 
and databases 

Data transfer 
phase 

DPWS 

DPWS is a common web services 
middleware and profile for devices, 
which defines two fundamental 
elements: the device and its hosted 
services. 

Devices 
information 
exchange through 
web services, asset 
management. 

Data collection 
and transfer 
phases  

S1000D, 
S4000M 

It is an international specification for 
the procurement and production of 
technical publications. The S1000D 
provides ontology for the content of 
technical publications and a content 
model, based on XML schema. 

Technical content 
management, 
mainly for aviation 
support and 
maintenance 
planning. 

Data analysis and 
visualization 
phases 

SOA 

SOA represents a design framework 
for construction of information 
systems by combination of service. A 
service is a program unit, which can 
be called by standardized procedures, 
and can independently execute 
assigned function. 

Standardized 
framework for 
information and 
service interchange 
using web services 
and standards. 

Data collection, 
transfer, analysis 
and visualization 
phases 
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SCADA 

SCADA collects data from various 
sensors at factories, plants or in other 
remote locations and controls 
equipment over the SCADA 
networks. 

Data collection, 
equipment 
control, asset 
management, life 
cycle support 

Data collection 
and analysis 
phases 

ATA 
iSpec 
2200 

This is a global aviation industry 
standard for the content, structure, and 
electronic exchange of aircraft 
engineering and maintenance 
information. It consists of a suite of 
data specifications pertaining to 
maintenance requirements and 
procedures, and aircraft configuration 
control. 

Aviation industry, 
information 
exchange, 
maintenance 
support, 
maintenance 
planning,  

Data collection, 
data transfer, and 
data analysis 
phases 

DAIS, 
HDAIS 

Data Acquisition from Industrial 
Systems issued by the OMG is 
intended for online data transfer. 

Data acquisition, 
and data transfer  

Data collection 
and data transfer 
phases 

 2.7 ISO Standards for Data Quality 
General requirements for the management of product quality are given in the ISO 9000 
and ISO 9001 standards. These standards are mostly process oriented and intended for 
developers. Although ISO 8000 is similarly interested in quality, it addresses data quality. 
It specifies fundamental principles of DQ management and requirements for 
implementation, data exchange and provenance. ISO 8000 is concerned with (ISO/TS, 
2012): 

 principles of data quality 
 characteristics of data that determine its quality 

 processes to ensure data quality 

According to ISO 8000, quality is the degree to which a set of inherent characteristics 
fulfils requirements. Data must be fit for use by consumers. The achievement of good 
quality data involves the following principles (ISO/TS, 2012):  

a. Data are fit for a specific purpose.  

b. The right data are in the right place, at the right time. 

c. Data meet agreed-upon customer requirements. 

d. Data defects are reduced by improving processes to prevent repetition and 
eliminate waste. 

The requirements are the needs or expectations that are stated, implied or obligatory. 
DQ management is the coordinated activity to direct and control an organization’s data 
quality.  
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ISO 8000 provides suggestions for the management, control and measurement of the 
following DQ aspects: provenance, accuracy and completeness (ISO/TS, 2012). Data 
provenance is a record of the ultimate derivation and passage of a piece of data through 
its various owners or custodians. Data accuracy is the closeness of agreement between the 
value of a property and the true value. Data completeness is the quality of having all data 
that existed in the possession of the sender at time the data message was created (ISO/TS, 
2012).  

The International Standard categorizes data quality attributes into 15 characteristics 
considered from two points of view: inherent and system dependent.   

Inherent DQ refers to the degree to which quality characteristics of data have the intrinsic 
potential to satisfy stated and implied needs when data are used under specified 
conditions. From the inherent point of view, data quality refers to data themselves, in 
particular to: i) Data domain values and possible restrictions ii) Relationships of data 
values (e.g. consistency) iii) Metadata 

System dependent data quality refers to the degree to which data quality is reached and 
preserved within a computer system when data are used under specified conditions. From 
this point of view, data quality depends on the technological domain in which data are 
used; this is achieved by the capabilities of computer systems' components such as: 
hardware devices (e.g. making data available or obtaining the required precision) and 
computer system software. Table 3 summarizes DQ dimensions and categorizing them 
according to their origins. 

Table 3. Data quality model characteristics (ISO/TS, 2008) 

Characteristics 
DATA QUALITY 

Inherent System dependent 

Accuracy X  
Completeness X  
Consistency X  
Credibility X  
Currency X  
Accessibility X X 
Compliance X X 
Confidentiality X X 
Efficiency X X 

Precision X X 

Traceability X X 
Understandability X X 
Availability  X 
Portability  X 
Recoverability  X 
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ISO 8000 includes the following terms relating to DQ: 

 Data quality management: coordinated activities to direct and control an 
organization’s DQ. 

 Data provenance record: records the passage of a piece of data through its various 
owners or custodians 

 Data accuracy: closeness of agreement between the value of a property and 
the true value 

 True value: value of a characteristic  defined in the conditions that exist when 
the characteristic is considered 

 Accepted reference value: serves as an agreed-upon reference for comparison 
 Authoritative data source: owner of a process that creates data 

 Data completeness: quality of having all data that existed in the possession of the 
sender at time the data message was created 

According to ISO 8000, an organization must perform the following actions: 

 Perform processes for data quality management that include at least data 
processing, data quality measurement and correction, data schema design, 
measurement criteria setup, error cause analysis, data quality planning and data 
architecture/stewardship/flow management; 

 Assign roles for data quality management within the organization; 

 Embed processes for data quality management within the organization’s business 
processes. 

The DQ framework presented in ISO 8000 consists of three top-level processes: data 
operations, data quality monitoring, and data quality improvement. Each top-level 
process is segmented into three sub-processes according to the role of the person 
performing the process. The processes are related to one another according to the order 
of the processes and the input/output of data. The structure of the framework is 
graphically represented in Figure 9. 
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= role

= process 

Figure 9. Data quality management framework (ISO/TS 8000-1, 2011) 

The data operations process identifies factors affecting data quality and ensures data are 
available at the right place in a timely manner. This top-level process includes the 
following processes: 

 Data architecture management: the process that manages organization-wide data 
architecture from the integrated perspective to use data in distributed information 
systems with consistency and, therefore, ensure data quality. 

 Data design: the process that designs data schema and implements a database to 
allow data users to apply data without mistake and ensure data quality. 

 Data processing: the process that creates, searches for, updates, and deletes data in 
accordance with guidelines of data operations. 

The data quality improvement process corrects data errors detected and eliminates root 
causes of the data errors by tracing and identifying them. To support the top-level process 
effectively, it is necessary to adjust the data stewardship in accordance with data flow 
tracing. This process has the function of process improvement, not just data quality 
improvement. Processes for data management are improved at the data administrator 
level, and business processes are improved at the data manager level. This top-level 
process includes the following processes:  
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 Data stewardship and flow management: the process that analyses data operations 
and data flows among businesses or organizations, identifies responsible parties and 
their data operation systems which influence data quality, and manages the 
stewardship of data operations. 

 Data error cause analysis: the process that analyses root causes of data errors and 
prevents a recurrence of the same errors.  

 Data error correction; the process that corrects erroneous data. 

Those responsible for performing the processes in the framework are the data manager, 
data administrator and data technician.  

The data manager performs the following processes: 

 Data architecture management. 

 Data quality planning. 
 Data stewardship and flow management. 

The data manager directs the management of master data quality in compliance with 
objectives of an organization, manages factors that impact data quality at an organizational 
level, and establishes the plans for performing data quality activities in the organization. 
Along with the top-level processes, the data manager maintains data consistency in 
individual information systems through the organization-wide data architecture 
management and analyses factors that affect data quality in data quality planning. Finally, 
the data manager grants data administrators the authority to trace and correct data over 
the information systems or organization. 

The data administrator is responsible for the following processes: 

 Data design. 
 Data quality criteria setup. 

 Data error cause analysis. 

The data administrator controls and coordinates the data technicians by defining criteria 
required to maintain the quality of master data and prevents a recurrence of data errors 
by analyzing the causes or designing data schema. In general, by supporting and providing 
guidelines to data technicians, the data administrator carries the data quality plan into 
practice to achieve the objectives set by the data manager. 

The data technician performs the following sub-processes within the framework: 

 Data processing. 

 Data quality measurement. 
 Data error correction. 
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The data technician creates, reads, modifies, and delete data as per the guidelines of data 
quality management set by the data administrator, and measures data quality and corrects 
erroneous data as a result of the measurement. While the data manager or administrator 
can handle data across the scope of the business in accordance with data flows, the data 
technician handles data within the scope of the business. 2.8 Database Management Systems 
Though database work has not traditionally focused on data quality management, many 
of its tools have relevance for managing data quality. For example, research has considered 
how to prevent data inconsistencies (integrity constraints and normalization theory) and 
how to prevent data corruption (transaction management) (R. Y. Wang, Kon, & 
Madnick, 1993). The most mature and widely used database systems in production today 
are relational database management systems (RDBMSs) (Hellerstein, Stonebraker, & 
Hamilton, 2007). A relational database stores information about the data and how they 
are related. It was proposed by Edgar (Ted) Codd in 1970 at IBM (Date, 2003). Data and 
relationships are represented in a flat, two-dimensional table that preserves relational 
structuring; see Figure 10. Relational systems serve as the repositories of record behind 
nearly all online transactions and most online content management systems (blogs, wikis, 
social networks, etc.) (Hellerstein et al., 2007).  
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Figure 10. RDBMS 

Features of modern relational systems, such as powerful query facilities, data and device 
independence, concurrency control, and recovery, are useful in applications such as 
engineering design, office automation, and graphics (Haskin & Lorie, 1982).  
A Relational Database Management System (RDBMS) is the physical and logical 
implementation of a relational database (hardware and software). An RDBMS controls 
reading, writing, modifying, and processing the information stored in databases. The data 
are formally described and organized according to each database's relational 
model (database schema), based on the design.  2.9 Computerized Maintenance Management Systems (CMMS) 
Computers have been used to assist the maintenance management process since the early 
1970s, and by the mid-1980s a substantial number of maintenance organizations were 
using software developed for large mainframe computer systems. The software was 
normally designed around a central computerized database in which maintenance and 
repair information was recorded. The information was then manipulated to produce 
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works schedules and job orders. Report generators allowed work-in-progress to be 
monitored and statistical management information to be produced (Jones & Collis, 1996).   

CMMS is a software that contains information about a company’s maintenance 
operations. A CMMS is computer software that helps maintenance teams keep a record 
of all assets they are responsible for, schedule and track maintenance tasks and keep a 
historical record of work they perform. Therefore, it is a useful tool to help maintenance 
workers handle their job more efficiently. Other tasks can be managed by using CMMS, 
such as finding where a spare part is located in the factory or calculating the cost of 
maintenance for a certain machine part. We can even go back and see what date a certain 
part was replaced or repaired and who was responsible for the job; see Figure 11. These 
can all lead to better maintenance control. CMMS is used by companies with high 
maintenance standards. There are various software applications on the market now, but 
general CMMS software can handle these different services (Ruud, 2009).  

 

 

Figure 11. Basic functions of CMMS  
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 Word order: Shows scheduled jobs, material reservations, and savings of earlier 
costs; also tracks relevant information, such as the reason for the problem, machine 
stop time and future recommendations.  

 Preventive maintenance (PM): Keeps track of PM and INS jobs, including a 
checklist of material that is needed. CMMS schedules PM jobs automatically based 
on the schedule.  

 Availability control: Provides data on equipment, specifications, warranty 
information, service contacts, date of purchase, lifetime and other things that may 
help maintenance engineers handle their jobs more efficiently.  

CMMS has other uses as well, as shown in Figure 12.  

 

Figure 12. CMMS Usage  

The efficient use of CMMS in an organization activities helps ensure high quality 
operational and maintenance data. CMMS provides such benefits such as: 

 Better system performance: helps to schedule preventive maintenance which 
helps to reduce system failures. 

Better work management: shows if technicians do their work on time and 
gives alerts when a task is complete. 

 Better work distribution: provides better scheduling of work so maintenance 
teams are not idle or working overtime and work can be distributed evenly. 

 Better data collection: helps technicians to record problems and solutions. 
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 Spare parts and stock management: inventory planning features give the time 
to shop around, instead of having to buy in a hurry. 

 Certification & analysis: a full record of assets and performance helps managers 
analyze usage of and plans for maintenance. 
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3. RESEARCH METHODOLOGY 
 3.1 Introduction 
Research methodology is a way to systematically solve a research problem. It may be 
understood as a science of studying how research is done. Researchers take different 
approaches to different types of research problems. 

The term “research” has been defined as a systematized effort to gain new knowledge. It 
comprises a number of different steps, such as defining and redefining problems; 
formulating hypothesis or suggesting solutions; collecting, organizing and evaluating data; 
making deductions and reaching conclusions; testing the conclusions to determine 
whether they fit the original hypotheses (Kothari, 2011).  

Types of research include the following (Kothari, 2011): 

 Descriptive vs. Analytical: Descriptive research includes surveys and fact-finding 
enquiries of different kinds; analytical research is concerned with how those facts 
came about. 

 Applied vs. Fundamental: Research can either be applied research or fundamental 
(basic or pure) research. 

 Quantitative vs. Qualitative: Quantitative research is based on the measurement of 
quantity or amount. It is applicable to phenomena that can be expressed in terms 
of quantity. Qualitative research is concerned with qualitative phenomena, 
relating to or involving quality or kind.  

 Conceptual vs. Empirical: Conceptual research is related to an abstract idea or theory. 
It is generally used by philosophers and thinkers to develop new concepts or to 
reinterpret existing ones. Empirical research relies on experience or observation, 
often without considering systems or theory. It is data-based research, reaching 
conclusions which can be verified by observation or experiment. 3.2 Research approach 

Research can be either quantitative or qualitative. The former involves the generation of 
data which can be subjected to careful analysis in a formal and rigid way. This approach 
can be further sub-classified into inferential, experimental and simulation approaches. The 
purpose of an inferential approach is to form a database from which to infer characteristics 
or relationships of in a certain population of data. This usually means survey research 
where a sample population is studied to determine its characteristics; it is then inferred 
that the whole population has the same characteristics (Kothari, 2011). An experimental 
approach is characterized by much greater control over the research environment; in this 
case, some variables are manipulated to observe their effect on other variables. Simulation 
involves the construction of an artificial environment within which relevant information 
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and data can be generated. This permits the observation of the dynamic behavior of a 
system (under controlled conditions) (Kothari, 2011).  

A qualitative approach to research is concerned with subjective assessment of attitudes, 
opinions and behavior. Research is a function of the researcher’s insights and impressions. 
Such an approach generates results either in non-quantitative form or in a form which is 
not subjected to quantitative analysis. Generally, it includes focus group interviews, 
projective techniques and in-depth interviews (Kothari, 2011).  

The present study uses both quantitative and qualitative analysis. The developed 
framework includes two models for assessing DQ. The qualitative model, which is based 
on experts’ evaluations is applied on the collected data (see Figure 22). The quantitative 
model is based on extracting DQ KPIs from content and metadata analysis (see papers E 
and F). Based on these approaches, the final estimation of DQ assessment is presented.  3.3 Research Design 
After defining the research problem, the researcher must design the project. Decisions on 
what, where, when, how much, and by what means constitute a research design. Put 
otherwise, the research design is the conceptual structure within which research is 
conducted. It constitutes the plan for the collection, measurement and analysis of data. 
As such, it includes an outline of what the researcher will do from writing the hypothesis 
and its operational implications to the final analysis of data. The following points need to 
be considered during the research design phase (Kothari, 2011):  

 What is the study about? 

 Why is the study being made? 
 Where will the study be carried out? 

 What type of data are required? 
 Where can the required data be found? 

 What periods of time will the study include? 

 What will be the sample design? 
 What techniques of data collection will be used? 

 How will the data be analyzed? 
 In what style will the report be prepared? 

Choosing an appropriate research design is crucial to the success of a research project, as 
it determines the quality of the conclusions (Bordens & Abbott, 2002).  

Research purposes may be grouped into four categories: exploration, description, 
diagnosis, and experimentation. When the research purpose is an accurate description of 
a research problem, the suitable design will minimize bias and maximize the reliability of 
the data collected and analyzed (Kothari, 2011).  
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The first research activity consists of exploratory data collection and analysis. This is aimed at 
classifying behaviors within a given area of research, identifying potentially important 
variables, and identifying relationships between those variables and the behaviors. The 
second activity, hypothesis testing, consists of evaluating potential explanations for the 
observed relationships. Testable explanations allow the researcher to predict what 
relationships should and should not be observed if the explanation is correct (Bordens & 
Abbott, 2002).  

The preparation of the research usually involves the consideration of the means of 
obtaining the information, the time available for research, and the cost of the research, 
i.e., the finances available.  

The research presented in this thesis originates from the revolution in information 
technology and the shift of business to the cloud and web-based technologies. The 
identified problem has been structured through interviews, discussions, workshops and 
literature studies. The research questions are based on the problem and draw on the 
knowledge elicited from scientific and industrial studies. The research questions, in turn, 
lead to the formulation of the research objective. To answer the questions and to fulfill 
the objective, the thesis proposes and tests models for data quality assessment to support 
the decision-making process and data quality improvement. 3.4 Research Process 
The heart of the research process is identifying important variables to study, measuring 
those variables, establishing relationships among variables, and drawing conclusions about 
behavior based on those relationships. The research process consists of a series of 
sequential actions or steps necessary to carry out the proposed research (Bordens & 
Abbott, 2002). At each step, important decisions affect the course of the research and the 
analysis and interpretation of data. The steps in a research process include: (1) formulating 
the research problem; (2) performing an extensive literature survey; (3) developing the 
hypothesis; (4) preparing the research design; (5) determining a sample design; (6) 
collecting the data; (7) executing the project; (8) analyzing the data; (9) testing the 
hypotheses; (10) making generalizations and interpretations; (11) preparing a report on 
or presentation of the results. The chart shown in Figure 13 illustrates a research process 
(Kothari, 2011).  
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Figure 13. Research process (Kothari, 2011) 

The objectives of this study are fourfold: 1) to create a deeper understanding of DQ 
problems, with a focus on maintenance; 2) to explore and identify the aspects of DQ in 
present eMaintenance solutions; 3) to study the available standards and ontologies and 
their application to eMaintenance to support DQ; 4) to study the assessment processes 
and the available frameworks related to DQ assessment.   

These objectives were achieved through the following activities: 1) carrying out a 
literature study (see the appended papers); 2) interviewing engineers from companies in 
northern Sweden; 3) participating in conferences and workshops to get more information 
about the subject of the study; 4) conducting case studies in different industrial areas. 

The next step was model development, with the goal of developing solutions that can be 
used as eMaintenance solutions to assess DQ, with a focus on maintenance.  

The following activities were conducted to achieve the overall objective. The first was 
the construction of a framework for DQ assessment. This framework consists of two 
models: qualitative and quantitative assessment models. The quantitative model can be 
used to assess DQ attributes that cannot be measured using quantitative methods; the 
quantitative model is based on the database content and metadata. The second activity 
was the construction of eMaintenance tools based on the model. 3.5 Data Collection 
The task of data collection begins after a research problem has been defined and a research 
design has been proposed. There are two types of data: primary and secondary. Primary 
data are collected for the first time and are original in character. Secondary data have been 
collected by someone else and have passed through a statistical process. The researcher 
must decide which sort of data he/she will be using (thus collecting) for study. Based on 
the type of data chosen, he/she must select an appropriate method of data collection. The 
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methods of collecting primary and secondary data differ: primary data must be collected, 
while secondary data must merely be compiled. Each method of data collection has pros 
and cons (Kothari, 2011). 

When making observations and recording behavior, the researcher can use two 
approaches. Counting and otherwise quantifying behavior yield quantitative data, which 
are expressed numerically. The main advantage of quantitative data is that a wide range 
of statistical tests is available for analyzing these data. However, not all research situations 
lend themselves to quantitative data collection. If a researcher select a quantitative 
approach to study client reactions to a new form of psychotherapy, therapy clients might 
rate how they feel about their therapy on rating scales, or the researcher might count the 
number of times a certain thing is mentioned (such as the warmth of the experimenter). 
In both instances, the data will be numbers that can be mathematically manipulated and 
analyzed with available descriptive and inferential statistics. 

In some instances, qualitative data are more suitable. Qualitative data consist of written 
records of observed behavior that are analyzed qualitatively. No numbers are generated 
on rating scales nor are there counts of behavior. If the researcher mentioned above were 
using a qualitative approach to study client reactions to a new therapy technique, he/she 
could interview clients and then review the interview protocols to extract themes 
emerging in the interviews (e.g., clients’ impressions of the language used during the 
therapy). Because the data are qualitative, standard descriptive and inferential statistics 
cannot be applied to them. In fact, the analysis of qualitative data poses special problems 
for researchers. There are often large amounts of raw data to deal with, and specialized 
computer programs are required to analyze qualitative verbal information (Bordens & 
Abbott, 2002).  

Data may be collected in the following ways (Kothari, 2011):  

I. Observation method: the most commonly used method especially in studies relating 
to behavioral sciences. This sort of observation is not scientific observation. 

II. Interview method: involves presentation of oral-verbal stimuli and reply in terms 
of oral-verbal responses. This method can be used in personal interviews and 
sometimes in telephone interviews. 

III. Collection of data through questionnaires: a popular method, particularly for big 
enquiries. It is being adopted by private individuals, research workers, private 
and public organizations and even by governments. In this method, a 
questionnaire is sent (usually by post) to the persons concerned with a request to 
answer the questions and return the questionnaire.  

IV. Case study method: a very popular form of qualitative analysis. It involves a careful 
and complete observation of a social unit, be that unit a person, a family, an 
institution, a cultural group or even the entire community. It is an in-depth study 
not a broad study; in other words, the case study places more emphasis on the 
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full analysis of a limited number of events or conditions and their interrelations. 
The case study deals with processes that take place and their interrelationship. 
Thus, the case study is essentially an intensive investigation of the particular unit 
under consideration. The objective of the case study method is to locate the 
factors that account for the behavior-patterns of the given unit as an integrated 
totality. 

The data used in this research were collected from different sources (for more details see 
the appended papers):  

1) Interviews in different industries in Scandinavia at mining companies, pulp and 
paper companies and an airplane manufacturer, 

2) 0felia database from the Swedish Transport Agency (Trafikverket). 0felia is a fault 
reporting database. The collected data in this database include all the significant 
event data for the systems of the Swedish railway network, i.e. the dates of events, 
descriptions of faults, the failed components, descriptions of maintenance, the 
repair times, maintenance release times, corrective maintenance, etc. 

3) GELD database from the Swedish Transport Agency (Trafikverket), contains 
readings for electrical measurements such as the input/output converter current, 
the input/output station current, the active and reactive station power, and the 
input/output station power. Every day all the readings from all the instruments 
are transferred to the control centre and saved in a text file format. The GELD 
database contains tens of thousands of text files for each converter per year, with 
one file for each converter measurement per day, and the readings have an 
accuracy reach of one reading for every 10 minutes. 

4) Sample database provided by Microsoft for developers, named Northwind. 
5) Questionnaires developed in online form and sent to participants working in the 

maintenance area.  3.6 Data Analysis 
After the data are collected, the next task is analysis. This requires a number of closely 
related operations, including establishing categories, applying these categories to raw data 
through coding, tabulating data and then drawing statistical inferences. Unwieldy raw 
data should be condensed and classified for further analysis. In coding, the categories of 
data are transformed into symbols that may be tabulated and counted. Editing is the 
procedure that improves the quality of the data for coding. Tabulation is a technical 
procedure wherein the classified data are put in the form of tables. Mechanical devices, 
such as computers, are useful at this juncture. Computers not only save time but also 
make it possible to study large number of variables affecting a problem simultaneously 
(Kothari, 2011). 

Analysis after tabulation is generally based on the computation of various percentages, 
coefficients, etc., by applying various well defined statistical formulae. In the process of 
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analysis, relationships or differences supporting or conflicting with original or new 
hypotheses are subjected to tests of significance to determine with what validity data can 
be said to indicate any conclusion(s). In brief, the researcher analyses the collected data 
with the help of various statistical measures. Data analysis can be differ depending on 
whether qualitative or quantitative research methods are used. In general, qualitative 
research is more difficult to pin down than quantitative research (Greener, 2008).  

The data analysis process in this research follows the steps in the proposed models 
described in the figures (23, 27). Following these models provided the metrics measures 
for DQ. The following tools has been used for data analysis: 

1. Programming using applications for data analysis include Matlab, Excel and Expert 
Choice. 

2. Tools are developed by researcher using programming languages such as C#. 
Figure 14 shows an interface developed using C# programming language. 

 

Figure 14. Developed Tool for DQ Analysis 3.7 Reliability and Validity 
The research design should represent a logical set of statements, allowing us to judge the 
quality of any given design according to certain logical tests.  

Validity is the extent to which a measuring instrument measures what it was designed to 
measure (Kothari, 2011) (Yin, 2013). The quality of the research design can be examined 
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in relation to internal and external validity. The ability of the research design to 
adequately test the hypotheses is known as its internal validity. Essentially, internal 
validity is the ability of your design to test the hypothesis that it was designed to test. A 
study has external validity to the degree that its results can be extended (generalized) 
beyond the limited research setting and sample in which they were obtained (Bordens & 
Abbott, 2002).  

The objective of reliability is to ensure that if a later researcher follows the same 
procedures as those described by an earlier researcher and conducts the same case study 
over again, the later investigator should arrive at the same findings and conclusions (Yin, 
2013). 

In this research, reliability in this research is achieved by describing the research findings 
in steps and figures (see section 5. Results and the appended papers). Following the 
research description and the steps shown in the research make the research repeatability 
is possible. The internal validity has been checked through tests of multiple sources, such 
as interviews, reviews by informants, and comparisons to the literature. The external 
validity of the research has been tested applying the developed models on maintenance 
and other data as described before (see section 3.5). These models were applied using 
programming to follow the steps provided. 

 3.8 Outcomes  
The outcomes of the research process outlined above were delivered at scientific 
conferences and in journal papers (see the appended papers), in seminars, workshops and 
in a doctoral thesis.  
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4. SUMMARY OF APPENDED PAPERS 
 

The relations between the stated research questions and some of the documented results in the 
appended papers are illustrated in Figure 15. 

 

Figure 15. Research questions and related papers 4.1 Paper A  
 Aljumaili, M., Tretten, P., Karim, R. and Kumar, U. (2012). “Study of Aspects of Data Quality 
in eMaintenance”. International Journal of Condition Monitoring and Diagnostic Engineering 
Management, Vol. 15, No. 4, pp. 3-15. 

The purpose of this paper is to explore and identify the aspects of DQ in existing eMaintenance 
solutions and to study the roots of DQ problems in the maintenance context.  

The paper provides an overview of the common problems related to DQ based on case studies 
and interviews with personal from several industrial companies in northern Sweden. The paper 
makes the following contributions: 

 Provides a list of available DQ problems and the root-cause of these problems  
 Pinks the problems with the different phases of the maintenance process  

 Classifies the problems according to their source (human or machine). 
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4.2 Paper B 
Stenström, C., Aljumaili, M., and Parida, A. (2014). “Natural Language Processing of 
Maintenance Work Orders Data”. International Journal of C O M A D E M. 18, 2, pp. 
33-375. 

The purpose of this paper is to demonstrate how Natural Language Processing (NLP) can 
be used as an eMaintenance solution to enhance the assessment of technical assets’ 
performance and work orders’ DQ, by relating text entry field data to other data fields. 
The paper introduces some of the main features of data quality, discusses NLP and 
explains the method applied. This is followed by a case study on linear assets, specifically, 
railway assets. The study flowchart is shown in Figure 16.  

 

Figure 16. Flowchart of NLP algorithm 
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4.3 Paper C 
Paper C: Aljumaili, M., Wandt, K., Karim, R. and Tretten, P. (2014). “eMaintenance Ontologies 
as Data Quality Support”. Journal of Quality in Maintenance Engineering, Vol. 21, No. 3, pp. 358-
374. 

eMaintenance ontologies are mainly represented by the published standards that are 
designed to support maintenance. These standards offer some stability by proposing 
information models for data representation, an essential property for long-term data 
exchange and archiving. The paper explores ontologies related to eMaintenance and 
investigates their application area. It conducts a study of data quality within certain 
identified ontologies to investigate how data quality is ensured during data exchange 
between systems. 

The paper also describes the DQ lifecycle process (Figure 17) and applies the 
eMaintenance ontologies to each phase of this process. It provides a reference for different 
standards that can be used to ensure high quality data during data exchange between 
different systems in organizations. 

 

 

Figure 17. Data Quality Lifecycle 4.4 Paper D 
Aljumaili, M., Mahmood, Y. A. and Karim, R. (2014). “Assessment of railway frequency 
converter performance and data quality using the IEEE 762 Standard”. International Journal 
of System Assurance Engineering and Management, Vol. 5, No. 1, pp. 11-20. 

The paper assesses data on the converters in the Swedish Traction Power Supply System 
(TPSS) by inspecting their compatibility with the IEEE 762 standard. It calculates the 
IEEE 762 indexes to assess the performance of the frequency converters. To calculate 
these indexes, the paper suggests a method of generating missing information by 
comparing the recorded data from two different databases. More specifically, it develops 
an eMaintenance application tool to generate missing data necessary for the application 
of the standard and to calculate the IEEE 762 indexes (Figure 18). This provides decision 
makers with an easy way to explore power converters performance based on real data.  
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Figure 18. The developed eMaintenance Tool 
 4.5 Paper E 
Paper E: Aljumaili, M., Karim, R. and Tretten, P. (2015). “Data Quality Assessment Using 
Multi-Attribute Method: Maintenance perspective”. International Journal of Information and Decision 
Sciences, Submitted, September 2015. 

The purpose of this paper is to propose a qualitative DQ assessment model for 
qualitatively measured DQ attributes. It presents a study of the attributes and metrics of 
data and provides a case study on data from the Swedish Transport Agency. An online 
questionnaire is sent to participants who know and are able to assess the data. After the 
data collection, the paper ranks and evaluates the importance of the assessed attributes. 4.6 Paper F 
Paper F: Aljumaili, M., Karim, R. and Tretten, P. (2015). “Metadata-Based Data Quality 
Assessment”. VINE Journal of Information and Knowledge Management Systems, Accepted, December 
2015. 

The paper proposes a quantitative DQ assessment model for DQ attributes that can be 
measured by calculations. The available models in the literature focus on content 
completeness and accuracy to assess DQ. The paper uses both metadata and content to 
calculate the measures for the DQ. It develops an eMaintenance tool for DQ assessment 
and then tests it on a dataset.  
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5. RESULTS  
 

The research achieves the following: i) exploring the issues and challenges related to DQ in 
maintenance and find their impact on maintenance process ii) investigating the best practices and 
ontologies of eMaintenance to provide support for improving the quality of data  iii) developing a 
framework, models and tools to assess DQ and provide decision support 5.1 First Research Question 

RQ1: What are the potential areas of improvement in the quality of maintenance data?  

 5.1.1 Problems and Root-cause  
The study identified a number of DQ problems relating to the use of ICT in 
maintenance.  

1. Stand-alone IT-systems: CMMS may not be used comprehensively and does not 
contain all information required for operative and strategic decision making in the 
different phases of the maintenance process. In addition, different sections in the 
maintenance information systems may not be not interconnected.  

2. Data multiplicity: This problem concerns the documentation and storage of 
duplicate information. Certain information (technical documentation and 
drawings) may be stored both in the maintenance system and in other media (i.e. 
computer hard-drives, CD-ROMs, paper). In many cases, there is no technical 
information, drawings or work instructions available in the maintenance system.  

3. Manual input and transfer of data: The practice of manual data entry results in data 
of varying quality, because some maintenance personnel unknowingly omit 
compulsory data while others enter very detailed and descriptive failure reports.  

4. System usability: The systems used in the maintenance processes may not be 
adequately interfaced and, therefore, may lack functionality.  

5. Accessibility to IT tools: IT-solutions are often not available at the workplace. 
Maintenance and operative staff frequently need to access IT-solutions through an 
office PC.  

6. Performance indicators missing or difficult to obtain: Business objectives are converted 
to operation and maintenance objectives to KPIs and measures, based on various 
data. If this linkage is missing, the collected data will not be relevant, making it 
difficult to make assessments and suggest improvements to the organization based 
on its actual performance. 

7. Lack of usage instructions or manuals: A lack of instructions and guidelines available 
for operation and maintenance can make things even more complicated for users; 
in turn, it is difficult to do systematic data-analysis and produce key performance 
indicators. 
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8. Poor data upkeep: There may be no systematic maintenance/upkeep of the data, 
causing the quality of the data entered into the information system to decrease.  

9. Problems with metadata: Metadata is the description of data; metadata are developed 
and added to the system database during the implementation phase of the 
information system; metadata include equipment hierarchy, position numbers, 
devices and spare parts numbers. Gaps and mistakes in the master-data significantly 
affect the quality of the aggregated data. 

10. Data not used for strategic decisions: In this study, the CMMS was mainly used for 
information transfer and communication between people in different positions 
and organizations, i.e., sending and receiving work orders or accessing information 
from the system. Data in the CMMS were not collected for operative and strategic 
decision-making, and employees saw no reason to collect or enter good quality 
data into the system. 

11. No knowledge recycling: The organization in question did not allow easy access to 
historical data, so saved files were rarely consulted nor was previous work 
consulted. Knowledge was not reused to assist in the completion of work orders. 
Little information was reused from previously recorded work orders, making it 
difficult to use the work orders as a source of knowledge when similar errors 
occurred in the equipment. 

12. Poor team cooperation: Teamwork suffers when the internal structure does not 
encourage cooperation between the maintenance teams.  

13. Poor IT competence: Some companies use CMMS to manage all their operative and 
strategic actions. In contrast, CMMS was used only by the maintenance 
organizations in the companies studied. Therefore, many actions taken by both 
the operative staff and service providers were not reported in CMMS.  
 5.1.2 Effect on Maintenance Process 

The problems presented in the previous section are all rooted in different aspects of DQ. 
Table 4 gives an overview of the problems and links them to the phases of the 
maintenance process. 
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Table 4. Identified DQ issues and their relationship to maintenance process 

Data Quality Aspects Management 
Phase 

Support 
Planning Phase 

Preparation 
Phase 

Execution Phase Assessment 
Phase 

Improvement 
Phase 

Standalone IT system        

Data Multiplicity             

Manual data input and 
transfer 

       

System usability             

Accessibility to IT tools        

Missing performance 
indicators 

        

No instructions        

Poor data upkeep          

Master data problems         

Data not used for 
strategic decisions 

        

No knowledge recycling             

Poor team cooperation         

Poor IT competence         

 5.1.3 Problem Source 
There are also noticeable differences in the problems associated with machine-generated 
and human-generated data. The main problem with automatic sources is that software 
compatibility issues often arise. This is most likely caused by the organisation’s choice to 
implement standalone systems rather than an integrated approach. Without insight into 
compatibility or cost, the choice may seem easy. However, if several different systems are 
implemented in a plant-wide network, the result can be economically costly. It can be 
costly in another sense as well, as systems may have poor or no communication with each 
other. Figure 19 shows the high level of human responsibility in the maintenance system. 
IT solutions can reduce the level of human dependency on the system and reduce the 
risk of human errors. 
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Figure 19. Identified Human and Machine Related DQ Issues 
 5.1.4 Analysis of Work-orders quality 

Operation and maintenance data have been collected from the Swedish railway section 
111. Section 111 is a 128 km 30 tons axle load mixed traffic section of the Swedish Iron 
Ore Line, stretching from the border of Norway, Riksgränsen, to Kiruna city (Figure 
20). 

 

Figure 20. Swedish railway section 111 
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Simple data quality checks have been carried out on the failure data (Figure 21). Each 
record consists of 71 fields. Fields with 100 % usage means that all records have some text 
or numbers filled in, which means that data considered as complete. Therefore, a data 
field with low usage can mean that the data quality is low. However, some data fields 
may be missed during the input process due to some error. 

 

 
Figure 21. Completeness of fields in the failure records 

 

The text entry field for describing the failure and work carried out is used in more than 
99% of the records (Figure 21). Thus, further analysis can be done as the field is frequently 
used. 

The text entry fields of the 10 958 records is found to contain 69 382 words in total. 
Following tokenization (Figure 16), normalization of tokens, stemming and extraction of 
token types (types), the number of types is found to be 8 442. 

By sorting the types by occurrence, it is noticed that the most frequently used types are 
found in more than one thousand of the records. Furthermore, by limiting the study to 
the 250 most used types, it is seen that the 250th type occurred in 39 records, i.e. not 
many in comparison to the total number of records. After removing needless types, e.g. 
conjunctions and prepositions, 143 unique types are left of the 250. Finally, through 
grouping of similar words (stemming and lemmatization), e.g. singular, plural and 
synonyms, there are 104 words left. Figure 22 shows the first 80 types (unique “words”) 
with the highest occurrence. The terms are translated from Swedish to English, and 
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consequently, the translated terms can consist of several words, like “error code” is one 
word in Swedish. A number of types are marked out by arrows in Figure 5 for discussion. 

 

 
Figure 22. Occurrence of types (unique “words”) in the text entry field of maintenance records 

r r
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5.2 Second Research Question 
RQ2: What are the best practices and ontologies that support the quality of 
maintenance data? 

 5.2.1 eMaintenance Ontologies 
A literature study explored eMaintenance ontologies in different areas, i.e. condition 
based monitoring, product life cycle management, maintenance data management, data 
exchange, etc. 

The ontologies included in the study are based on: 

1. Standards on operation and maintenance initiatives, such as the OpenO&M 
framework consisting of standards to exchange Operations & Maintenance data 
and their associated context (MIMOSA, ISA, OPC, etc.). 

2. Standards used in condition-based maintenance to transfer real-time data to 
CMMS and other systems. 

3. Standards developed by the World Wide Web Consortium (W3C) group to 
suggest solutions where XML-based data exchange could be made efficient under 
any conditions. 

4. ISO standards related to DQ and quality in general, such as ISO 8000, ISO 22745, 
etc. 

5. Other standards used in different industries such as aviation, data management 
organisations, etc. 

The ontologies used in eMaintenance focus mainly on data representation and data 
exchange between systems. Different ontologies can be used from data collection to data 
visualisation and contextualisation. Table 2 summarises the ontologies and how they 
contribute to eMaintenance solutions.  

There are a number of quality-related standards developed by ISO/TC. ISO quality 
models, including ISO 9126 and ISO 25010, can be used to support the specification and 
evaluation of software from different perspectives, including those associated with 
acquisition, requirements, development, use, evaluation, support, maintenance, quality 
assurance and audit of software. The ISO 9126-1 standard distinguishes three different 
viewpoints for software product quality, internal quality, external quality, and quality in 
use. ISO 25010 combines internal and external quality models as product quality 
(Rafique, Lew, Abbasi, & Li, 2012).  
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5.2.2 Case Study of Standard Application 
The IEEE 762 Standard is designed for use in reporting the reliability, availability and 
productivity of electric generating units. The standard was developed in 1987 to provide 
terminology and indexes to measure and report the reliability, availability, and 
productivity of the electrical power unit (IEEE, 2006)(Donaldson et al., 2007). Measures 
of generating unit performance have been defined, recorded and utilised by the electric 
power industry for over 60 years. The increased focus on generating unit performance in 
a competitive marketplace has made the regulatory agencies and the industry place greater 
emphasis on performance measures. In 2002 the IEEE Risk, Reliability and Probability 
Applications Subcommittee formed a working group at the request of NERC to revise 
IEEE 762, primarily to address the issue of performance indexes for non-base load 
generation units. After three years of work and a number of key additions, the revised 
standard was sent for an IEEE ballot in December 2005 (Curley, 2006). 

In this study, we investigated converter’s performance, as explained above. A sample of 
data was selected for use and the developed application was applied. The first data source 
was the GELD database. In accordance with the program description above, the desired 
user input information was selected. Figure 23 shows the selected input data on the left 
side of the figure. The program generated the necessary information for IEEE 762 based 
on the selected input. 
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Figure 23. Selected data sample and results 

The generated fields shown on the right of the figure represent the standardised indexes 
provided by IEEE 762, calculated after generating the necessary data. In the bottom right 
part of the figure, a plot describes the converter’s status. The user can choose one of three 
factors, the availability, service, or capacity factor, which can be plotted in the interface. 
These factors provide a clear view of the converter’s performance for the selected period. 

The data quality has a direct impact on the decision making process in the maintenance 
of power converters in the TPSS. Good-quality data can be considered the major 
prerequisite for analyzing the availability and reliability of these converters. However, the 
available datasets for frequency converters in the Swedish TPSS do not fulfil all the 
requirements of IEEE 762 for the measurement of reliability, availability and 
productivity.  5.3 Third Research Question 

RQ3: How can the quality of maintenance data be assessed?  

 5.3.1 Overall DQ Assessment 
Measurement is a key activity in DQ Management. This purpose of measuring the data 
quality of a scenario is to satisfy an “information need” to manage objectives, goals, risks 
and problems. Knowing the information needs and context, a measurement plan can be 
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drawn up to determine (a) what is to be measured, (b) where the objects to measure are, 
(c) how to measure these objects, (d) how many objects must be inspected to have 
statistically significant evidence about the degree to which the information need is 
satisfied, (e) whose the objects to measure are, (f) to whom results must be delivered and 
finally (g) when measures might be done, so as to not interfere in any of the measurement 
or information manufacturing processes (Caballero et al., 2007).  

Although DQ literature includes a number of measurement proposals, many open 
research challenges remain. In this study, we propose an overall DQ assessment using a 
model that merges subjective and objective assessment; see Figure 24. 

 

Figure 24. Overall data quality assessment model 

After applying the overall assessment model and generating DQ KPIs, a radar chart can 
be generated describing the assessment of attributes, by showing the actual value and the 
target value; see Figure 22.  
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Figure 25. Data quality chart based on ISO 25012  

Figure 25 contains the DQ dimensions as described in standard ISO/IEC 25012. The 
distance between the maximum and minimum level of coverage suggests the data are not 
complete. 5.3.2 Qualitative Assessment Model 
Based on TDQM model, we propose a multi-criteria model for subjective DQ 
assessment. This model includes the following steps: 

1. DQ attributes are defined. 
2. Method of ranking is discussed and chosen. 
3. Method of aggregation is selected. 
4. Questionnaire is designed and sent to participants.  
5. Responses are collected and analysed. 

The steps are summarised in the assessment model in Figure 26. Each step is explained in 
more detail in the relevant section. 
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26. Qualitative Data Quality Assessment Model

Using the described questionnaire and applying the proposed model, the ranking of the 
DQ attributes is determined. Clearly, completeness is obviously the most important 
aspect for the users, as shown in Figure 27.   

Investigating DQ Issues  Case Studies, Interviews, 

Studying DQ Attributes Literature Study 

Defining DQ KPIs Literature study and business 

Preparation for assessment 

Collection of experts’ evaluation (Through online forms using google forms) 

 
Selection of 
aggregation 

method 

Preparation of 
user surveys 

Data analysis and assessment generation 

Figure 
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Figure 27. Attributes ranking 

Figure 28 provides a pairwise comparison of each class of the categories. 

a. Representational b. Contextual  

 

c. Accessibility 

 

Figure 28. Pairwise comparison 

After the users’ evaluations are collected, the aggregation equation is applied. The result 
is shown in Figure 29 where the distance between the actual DQ and optimum DQ is 
clearly shown. 
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Figure 29. Qualitative DQ Assessment 5.3.3 Quantitative Assessment Model 
In database content analysis, other data quality dimensions are considered, such as 
completeness, accuracy, data type (if they follow the data type constraint listed in the 
metadata), and data domain values (if they follow the check constraint domain listed in 
the metadata). 

The proposed objective assessment model merges metadata and content. A flowchart of 
the proposed model is in Figure 30. It shows how the assessment process is undertaken.  
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Figure 30. Objective data quality assessment model 

The interface of the developed tool is shown in Figure 31. Assessing the quality of 
metadata helps to assess data quality attributes such as integrity and accuracy. Overall, our 
findings show significant direct impacts of metadata quality on information quality and 
on the quality of decisions based on these data. 
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Figure 31. Developed DQ analysis tool 

 

The developed software tool provides an overview of quality information, and metadata 
quality, specifically in terms of content and format. Most previous research has employed 
user satisfaction as a measure of overall data quality. Applying this model generates DQ 
KPIs based on both content and data analysis. As shown in Figure 31, the completeness 
of database can be measured by calculating the missing data records when the metadata 
constraints tell that null values are not allowed. While in literature, all missing data is 
counted even if allowed in the database schema. The data accuracy is also calculated by 
counting the records with wrong data type and the records without any check constraints 
in the database. That means that entered data type do not match the data type stated in 
the database schema. The consistency assessment is based on three metadata records: 
redundant columns, tables without primary key, and tables without foreign key.  

After generating DQ KPIs using the developed tool which deploy the proposed model, 
DQ attributes assessment can be calculated. Figure 32 shows an example of assessment 
attributes such as completeness, consistency and accuracy of Northwind database.  
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Figure 32. DQ assessment based on proposed model 5.3.4 Extending ISO 8000 Model for DQ 
The data architecture according to ISO 8000 is shown in Figure 33 and is explained in 
the standard as the following: 

 Data include information about data provenance, data accuracy, and data 
completeness. 

 Data are coded using concepts in a data dictionary. 
 Data conform to data specification. 

 Data conform to a formal syntax. 
 Data specification specifies data requirements for coding data using concepts from 

a data dictionary. 
 Data specification gives preferred terminology for concepts in a data dictionary. 

 Data specification specifies the use of a formal syntax. 
 Data, data specifications, and data dictionaries use identifiers from 

an identification scheme. 
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Figure 33. Graphical depiction of the data architecture (ISO/TS 8000-150, 2011). 
 

However, the attributes included in the ISO 8000 are limited to three attributes: 
completeness, provenance and accuracy. Other attributes can be added to extend the 
standard to make it more effective for improving DQ: consistency, timeliness, and 
reliability. The extended UML model of the standard is shown in Figure 34. 

A data_dictionary is a collection of data_dictionary_entry objects that allow lookup 
by entity identifier. A data_dictionary_entry is a description of an entity containing, 
at a minimum, an unambiguous identifier, a term, and a definition. A data_record is 
a data_object that is a set of property_value_assignment objects. A data_set is 
a data_object that is a set of data_record objects, which may be ordered or partially 
ordered. A data_object is anything used to signify something else. A 
data_object_accuracy_event is an event for which data accuracy information is 
recorded. A data_object_completeness_event is an event for which data 
completeness information is recorded. A data_object_provenance_event is 
an event for which data provenance information is recorded. A 
property_value_assignment is a data_object comprising a pair of a value and an 
identifier of a property defined in a data dictionary. 
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Figure 34. Extended UML class diagram for data model 

In the following XML code fragment, the data completeness record is included in the 
XML structure representing the property value. 

<property-value property-ref="0161-1#02-015007#1"> 
  <controlled-value value-ref="0161-1#07-000435#1"/> 
  <!-- Include provenance-event elements here. (ISO/TS 8000-
120 requires that 
       each property value have at least one provenance event.) --> 
  ... 
  <completeness-event event-type="warranty" organisation-ref="0161-         
ABCDE date="2008-10-29T10:03:15.195""> 
    ABC Company warrants that this data is complete... 
  </completeness-event> 
</property-value> 
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6. DISCUSSION & CONTRIBUTION 
 

This chapter discusses some aspects of the findings for each research question, as well as the research 
contributions.  6.1 Discussion 
The results for RQ suggest the biggest question in DQ is the usefulness of the IT-system. 
In many cases, the system has incompatibility issues, accessibility issues and/or usability 
issues. Almost all problems concern the user instead of the performance of the computer 
system itself.  

Two main concerns are complexity and/or incompatibility, both of which prevent users 
from effectively exploiting IT solutions. Unfortunately, the phases of the maintenance 
process producing the biggest DQ issues deal directly or indirectly with the personnel on 
the floor, including those who plan, conduct and assess maintenance. This probably leads 
to the most important question facing an organization, what is its DQ goal? Since low 
DQ can severely affect long and short term strategic planning, it may be necessary to 
improve some areas of the maintenance structure. Other items concerning master data 
may require greater effort to repair, perhaps even a system-wide revamp to remove 
critical weaknesses.  

There are noticeable differences in the problems associated with machine-generated and 
human-generated data. The main problem with automatic sources is that software 
compatibility issues often arise, likely caused by organization’s choice to implement 
stand-alone systems and not use an integrated approach. Without insight into 
compatibility or cost, the decision may seem easy. Yet if several different systems are 
implemented in a plant-wide network, the results can be economically costly. In addition, 
the systems may have poor or no communication with each other. Human-generated 
data sources are challenging in other areas of DQ issues. 

The study related to RQ 2 reveals the ontologies used in eMaintenance focus on data 
representation and data exchange between systems. Various ontologies can be used from 
data collection to data visualization and contextualization. Table 5 summarizes the 
ontologies identified in this study and shows how they contribute to eMaintenance 
solutions.  

When eMaintenance ontologies are applied to the maintenance data production process, 
the wide range of available ontologies makes it difficult to decide which ontology is best 
suited for each stage. The study looks for the relationship between the ontologies and the 
area in which they should be used. By applying ontologies to eMaintenance solutions, 
we can assure high quality data that result in adequate and effective decision making. 
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A case study (using Swedish TPSS data on power converters) of the standards that can be 
applied to improve DQ shows the quality of data has a direct impact on the decision-
making process in the maintenance of power converters. Good-quality data can be 
considered the major prerequisite for analyzing the availability and reliability of these 
converters. However, the available datasets in the Swedish TPSS for converters do not 
fulfil all requirements of IEEE 762 for measurement of reliability, availability and 
productivity. The main problems are the data fields describing the unit states and the time 
spent in these unit states; the fields describing the unit states need to be more accurate. 
Problems with the 0Felia dataset is that any failure in the system is considered downtime, 
but on many occasions, the failure is minor and the system is still working normally at 
the time of failure.  

For RQ 3, DQ is a composite of different dimensions with different evaluations based 
on the data management and presence of trusted data sources. DQ measurement is based 
on subjective (qualitative) and objective (quantitative) measurements. Qualitative and 
quantitative data evaluations are important to achieve reliable data collection. DQ 
evaluation starts with proper documentation, compliance with standards and known 
metadata limits. The study identifies the relevant attributes; the right data must be 
available for the appropriate event and with the needed context. It applies the proposed 
method for DQ measurement. Although evaluating DQ poses many challenges, the 
proposed evaluation methodology gives decision makers and researchers important steps 
to identify and address DQ issues. Multi-criteria DQ evaluation can be a useful tool in 
decision-making processes, as it provides a means by which information can be easily 
assessed.  

The study also shows the relationship between the metadata and overall IQ. Assessing 
the quality of metadata helps assess data quality attributes such as integrity and accuracy. 
Findings show significant direct impacts of metadata quality on information quality and 
on the quality of decisions based on these data.  

The developed software tool gives an overview of quality information and metadata 
quality, specifically in terms of content and format. Most previous research has employed 
user satisfaction as a measure of overall data quality. The proposed model combines 
objective assessments obtained through metadata and content analysis with user 
assessments obtained through questionnaires. 

Data quality is a major concern in data analytics projects. Therefore, the research asks 
whether quality-in-use becomes more representative when it comes to measuring the 
level of quality in big datasets composed of several datasets coming from different sources, 
with different formats, and at different velocities. Completeness, accuracy and provenance 
attributes are provided by the ISO 8000 standard. But it is necessary to extend this 
standard to include other attributes, such as consistency. These dimensions should be 
measured according to data quality dimensions defined in each dataset. 
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6.2 Research Contribution  
eMaintenance solutions can support decision makers by assessing DQ and providing high 
quality data. These solutions can be models, methods, or application tools based on these 
models. This research provides the following contributions to the development of 
effective eMaintenance solutions related to DQ assessment and support: 

 Contributions related to RQ 1: Description of DQ problems in the maintenance 
area and the root-cause of these problems. The source of these problems (human 
or machine) is described as well.  

 Contributions related to RQ 2: Study of eMaintenance ontologies and the 
standards that can support DQ and in which phase of DQ lifecycle. A case study 
of standard application is introduced. 

 Contributions related to RQ 3: A model for overall DQ assessment. This model 
is divided into two sub-models: qualitative and quantitative assessment models. 
The quantitative model is based on metadata and content quality. An application 
tool is developed based on this model. 

 

 

 

 

 

 

 

 

 

 

  



68 
 

 

 

 

 

  



69 
 

7. CONCLUSIONS AND FURTHER RESEARCH 
 

The conclusions of the research findings are presented in this chapter and are related to the research 
questions. 7.1 Conclusions Related to RQ 1 

RQ1: What are the potential areas of improvement in the quality of maintenance data?  
 

The purpose of RQ 1 is to explore and identify the aspects of DQ in eMaintenance. 
However, based on the results from the conducted case studies, it can be concluded that 
effective and efficient maintenance requires proper information logistics provided by 
eMaintenance. That said, the development of eMaintenance solutions faces several 
challenges. Some are related to services aimed at acquisition, processing, analysis and 
delivery of content aimed at a target context. Others are related to the content provided 
by the services. In both cases, ensuring the quality of data is very important. Hence, 
eMaintenance solutions should provide mechanisms that measure, analyze, manage and 
visualize the quality of service and DQ. The case studies indicate DQ can be related to 
different features (e.g. usability, accuracy, and relevancy). These DQ features should be 
clearly visualized in order to be measured and managed by the eMaintenance solution. 
This includes user-specific assistance.  

Good quality master data and metadata are necessary for DQ. The whole organisation 
needs to be motivated to maintain high DQ. By stating clear goals and following them, 
the organisational leadership can take the lead; the rest of the organisation can follow 
their example. DQ is likely to improve with better cooperation between the work teams.  

Despite some generic problems of DQ, there is a need to develop quality assurance 
mechanisms in eMaintenance. These mechanisms should encompass all phases of the 
maintenance process, including: management of DQ from different data sources and at 
various aggregation levels; visualization of DQ for improved usability; adaptation to user 
context and decision processes; management of criticality. It is also important to have an 
overarching plan for information management that covers a system’s lifecycle. 

 7.2 Conclusions Related to RQ 2 
RQ2: What are the best practices and ontologies that support the quality of 
maintenance data? 

The purpose of RQ 2 is to study eMaintenance ontologies and to determine in which 
phase of the lifecycle DQ can be applied. As interoperability and data quality are crucial 
for both maintenance and operations, eMaintenance ontologies are critical for achieving 
the levels of organizational interoperability required for effective decision making. 
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eMaintenance tools should be adapted to increase the economic benefit and enhance 
decision making. The paper for RQ 2 concludes the following:  

1) All reviewed standards and services provide important support to construct unified 
maintenance and operations in the discussed data production steps. They also 
enhance the integration of systems of different environments to achieve the integrity 
required by high quality data.  

2) The data production process lifecycle shows the steps required to produce high 
quality data using ontologies.  

3) The study’s literature review can be used as a reference when a standard is applied 
in maintenance.  

4) There are challenges involved in adapting the available eMaintenance ontologies. 
For example, they may be expensive or time-consuming. Organizations may also 
lack knowledge of and expertise in the use of these tools, resulting in their ineffective 
use. Finally, the wide range of available ontologies makes it difficult to decide which 
ontology is best suited for a specific enterprise.  

A conclusion drawn from the case study using the IEEE 762 standard is that there are 
many issues in the quality of the Swedish TPSS data; these need to be addressed. For 
example, the data necessary to evaluate frequency converters’ performance are missing. 
In addition, some of the recorded failures do not necessarily lead to outages. In some 
cases and after making a comparison between the 0Felia and GELD datasets, we noticed 
that after some recorded failures, the system was in the reserve shutdown state. After 
discussions with practitioners and technicians at Trafikverket, we concluded these data 
were recorded incorrectly by the engineers. Finally, some data fields are ambiguous and 
difficult to understand.  

The suggested method and the developed application may solve these problems by 
generating the missing data via comparisons of the two datasets. However, it is important 
to provide the missing data directly from the frequency converters’ databases. 

Adding information about the reserve shutdown hours, service time and downtime to 
the data sets makes it easier to apply the IEEE 762 indexes directly, saving time and 
money. 

Applying IEEE 762 to the Swedish TPSS is an important innovation that will lead to 
enhanced performance indicators for decision makers. It will help management make 
decisions on operation schedules, plan future installations, and design maintenance 
programs. Finally, using the standard will have an impact on data quality, as it provides a 
standard and unified data representation. The unified formats of standards will reduce the 
number of mistakes made when data are manually recorded. 

 7.3 Conclusions Related to RQ 3 
RQ3: How can the quality of maintenance data be assessed?  

 

The purpose of RQ 3 is to develop models and tools to assess DQ. To improve DQ and 
to evaluate the current status of the data, various dimensions and attributes have to be 
measured. Multi-criteria DQ evaluation may aid decision-making processes by providing 
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a means by which information can be easily assessed qualitatively. As evidence and 
research have shown, information does not always reflect a high degree of quality or 
satisfy the intended need. This creates challenges during the utilization process and causes 
delays in decision making. Ineffective decisions and operational inefficiencies are a result 
of poor quality information and adversely affect an organization’s performance.  

DQ is a composite of different dimensions which are evaluated differently based on the 
data management and the presence of trusted data sources. DQ measurement includes 
both subjective (qualitative) and objective (quantitative) measurement. Both types of 
evaluations are important to achieve reliable data collection.  

DQ evaluation starts with proper documentation, compliance with standards and known 
metadata limits. This research identifies relevant attributes as the following: they relate to 
the availability of the right data for the appropriate event and in the needed context. It 
proposes and applies a method for DQ measurement. Although evaluating DQ poses 
many challenges, the proposed evaluation methodology will provide decision makers and 
researchers with important steps to identify and address DQ issues.  

However, the conclusions are mainly based on qualitative evaluations. The problem is 
that user evaluation may be affected by many factors, such as expertise, context of usage, 
large differences from one user to another, etc. Future research should use more 
quantitative and statistical methods; the results can be compared with the qualitative ones. 
Qualitative and quantitative methods should be merged to obtain better evaluations.  

That said, the proposed quantitative DQ assessment model extends previous models, 
resolving ambiguities in terminology and in the relationships of attributes. It merges the 
use of metadata with content analysis to objectively assess data quality. Previous data 
quality models are based mainly on user evaluation. Some data quality attributes such as 
missing data, data accuracy and others are calculated based on content only. This model 
uses both content and metadata to assess data quality. However, this assessment should be 
combined with subjective assessment to find the overall data quality.  

The key contribution of the overall research is the integration of metadata, content and 
user satisfaction. This methodology as a whole provides a practical IQ tool to 
organizations. The methodology is useful in identifying DQ problems, prioritizing areas 
for DQ improvement, and monitoring IQ improvements over time. 7.4 Future Research 
The research has generated several other research proposals for further research in the 
domain of information quality assurance and improvement. Further research is required 
through the following: 

 eMaintenance tools for DQ assessment should be web-based services that can be  
accessed by organizations through internet to obtain assessment of their data. 

 DQ improving tools should be developed in order to enhance the quality of data 
by removing the possible issues. 

 Expanding the research to include unstructured data by using big data analytics to 
deal with DQ issues with large volumes and fast streaming data. 
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ABSTRACT 

Effective and efficient maintenance requires proper information logistics, which can be delivered through 
eMaintenance solutions. An eMaintenance solution provides services for data acquisition, data processing, data 
aggregation, data analysis, data visualization, context-sensing, etc. The development of eMaintenance solutions 
faces challenges and one of these challenges is how to ensure a high quality of data. Data Quality (DQ) concerns 
all the phases of the maintenance process.  
Hence, the purpose of this paper was to explore and identify the aspects of DQ in eMaintenance. To achieve this, 
seven case studies, within three industries, were conducted. The empirical data was collected through interviews, 
observations, archival records and workshops.  In this paper, the different aspects related to DQ were presented 
with their relationship to the phases of a generic maintenance process. Furthermore, the DQ issues have been 
related to how data is generated, either by manual input (Human-generated) and/or automatic input (Machine-
generated). One of the main findings of this paper shows that the organizations do not often implement 
maintenance solutions whole-heartedly, thus, the application of the systems never are used to their full potential. 

Keywords: eMaintenance, maintenance process, information logistics, Data Quality (DQ), Information and Communication 
Technology (ICT), Information Quality (IQ), Information System (IS).



1. INTRODUCTION

Development of Internet Communication 
Technologies (ICT) has contributed to the emergence of 
the eMaintenance concept. Since its conception in the 
early 2000s, eMaintenance has become a common term in 
maintenance-related literature [1]. The emergence of 
eMaintenance, e.g. ICT solutions implemented in 
maintenance, has led to a revolutionary change in the 
maintenance of industrial assets [2]. There are several 
industrial and academic contributions that describe 
eMaintenance. It can be defined as a maintenance strategy 
where tasks are managed electronically using real-time 
equipment data obtained through digital technologies (i.e. 
devices that are mobile, remote sensing, condition 
monitoring, knowledge engineering, tele-communication 
and internet technology based)  [3].  It is also explained as
a maintenance plan to meet productivity through condition 
monitoring, proactive maintenance and remote 
maintenance through real-time information for decision-
making [3]. To sum it up eMaintenance can be termed as 
maintenance support for e-operation through remote 
diagnostics and asset management, simulation for 
optimisation and decision making under an e-business 
scenario for an organisation. In a provider and consumer 
relationship scenario, there are, a number of views on 
what eMaintenance actually is and the most common one 
is the application of ICT to achieve effective information 
logistics within the maintenance area [4]. In conclusion, 
eMaintenance solutions aim to facilitate maintenance 
decision-making by providing effective and efficient 
maintenance information logistics.  

In a decision-making process, the quality of a 
decision is strongly linked to the quality of the data used 
during the data analysis [4]. When dealing with 
maintenance information logistics, content management 
(i.e. ‘what to deliver’) is highly important, since it 
addresses issues related to the content; this includes both 
data and information [5]. Hence, aspects related to Data 
Quality (DQ) need to be emphasised in solutions aimed to 
support the decision-making process. DQ in maintenance 
forms the integral part of information logistics, which is 
the backbone of a maintenance system derived from a 
clear maintenance strategy that, in turn, should be derived 
from, and linked to, the corporate strategy. Hence, the 
purpose of this paper was to explore and identify the 
aspects of DQ in present eMaintenance solutions. 

2. THEORITICAL FRAMEWORK
2.1 eMaintenance

Maintenance is the combination of all technical 
and administrative actions, and managerial including 

supervision, during the life cycle of an item intended to 
retain it in, or restore it to, a state in which it can perform 
a required function [6]. A generic maintenance process 
consists of phases for management, support planning, 
preparation, execution, assessment and improvement [7].
The emerging applications of ICT are to support 
companies to shift manufacturing operations from the 
traditional factory integration philosophy to an e-factory 
and e-supply chain philosophy [8]. From a general 
perspective eMaintenance concerns the use of new ICT 
solutions in the maintenance area [9]. 

The management of maintenance consists of the 
following activities: developing and updating the 
maintenance policy, providing finances for maintenance, 
coordinating and supervision of maintenance, as shown in 
Figure 1 [7]. The elements of maintenance support 
planning are: maintenance support definition, 
maintenance task identification, maintenance task analysis 
and maintenance support resources [7]. Maintenance 
preparation concerns the planning for maintenance tasks, 
which includes planning of specific tasks, scheduling 
activities and assigning and obtaining resources [7]. The 
maintenance execution phase includes the actual 
performance of maintenance, recording of results and 
special safety and environmental procedures. Maintenance 
assessment includes measurement of maintenance 
performance, analysis of results and assessment of actions 
to be taken. Finally, maintenance improvement is 
achieved by improving the maintenance concept, 
improving the resources, improving the procedures and 
modifying the equipment that is maintained [7]. 

Figure 1: Phases of an overall maintenance process, adopted from [7]

eMaintenance is a multidisciplinary domain based 
on maintenance and ICT, which has a focus upon ensuring 
that eMaintenance services are aligned with the needs and 
business objectives of both customers and suppliers 
during the whole product lifecycle [10]. eMaintenance 
also can be defined as a new concept, a part of 
maintenance support, which provides  information 
resources and information services, which can be used to 
enable the development of and establishment of a 
proactive decision making process through the enhanced 



use of ICT [5]. From a generic perspective, eMaintenance 
is maintenance managed and performed via computing 
[11].  

eMaintenance can be considered as a maintenance 
management system where assets are monitored and 
proactive maintenance decisions are transported over the 
internet and with other ICT tools [12]. eMaintenance 
provides companies with predictive intelligence tools to 
monitor their assets (equipment, products, process, etc.) 
through the Internet and wireless communication systems 
to prevent them from unexpected breakdowns. Also, these 
systems can compare a product's performance through 
globally networked monitoring systems, thus allowing 
companies to focus on degradation monitoring and 
prognostics rather than fault detection and diagnostics 
[13]. Therefore, eMaintenance technologies increase the 
possibility to: 1) utilize data from multiple origins, 2) 
process large volumes of data and make more advanced 
reasoning and decision-making and 3) implement 
collaborative activities [14]. 

Although the eMaintenance concept is a common 
term in maintenance-related literature [11] there is no 
clear consensus of what eMaintenance is. Some consider 
eMaintenance as a maintenance strategy, where tasks are 
managed electronically by the use of real-time item data 
obtained through digital technologies [3]. Others view 
eMaintenance as a support to execute a proactive 
maintenance decision process [11]. Furthermore, 
eMaintenance also can be considered as the integration of 
all necessary ICT-based tools for optimization of costs 
and improvement of productivity through utilization of 
Web services [15]. In this paper we adopt a broad view on 
eMaintenance in line with Kajko et al. (2010) [11], who 
defines it as maintenance processes managed and 
performed via computing. This definition includes 
maintenance activities in all phases of the maintenance 
process and it includes a variety of ICT solutions ranging 
from computerised maintenance systems to sensor 
technologies.  

Due to the improvements eMaintenance has 
contributed to this has led to an increased attention in 
research. Muller et al. (2008) identifies four general issues 
addressed in eMaintenance literature: 1) standards, 2) 
platform development, 3) process formalization and 4) 
system development and implementation [16]. Besides 
those issues, the literature also addresses eMaintenance 
from an information logistics perspective [3] [17] [18].
Maintenance processes are supported by heterogeneous 
resources, such as, documentation, personnel, support 
equipment, materials, spare parts, facilities, information 
and information systems [19]. Hence, the provision of the 
right information to the right user with the right quality 
and in the right time is essential [20] [21] [18]. This 

desirable situation can be achieved through appropriate 
information logistics, which aims to provide just-in-time 
information to targeted users and to optimize the 
information supply process. While the provision of just-
in-time information to the right users is an essential issue 
in maintenance work we propose in addition to that the 
issue of correct information at the correct time, i.e. 
information based upon high quality data.  

2.2 Data Quality 

Quality plays an important role as one of the 
powerful competition advantages for those companies that 
run businesses in the information society [22]. Quality can 
be defined as fitness of an artefact’s (e.g. product, service, 
and function) performance to its specifications and 
intended use, from the customers’ perspective [23]. For 
most organizations, quality management is well known 
and is integrated into the daily regime of improving the 
product or service’s quality. 

Significant effort has been done in order to define 
what is meant by ‘Data Quality’. DQ can be defined as 
data that is fit for use by data consumers [24]. Commonly 
it was thought that DQ mainly focused on attributes like 
accuracy, precision and timeliness. Levitin et al., (1998) 
considered two important aspects in trying to ensure a
high DQ by:  1) data models that are clearly defined and 
2) data values that are accurate [25]. In the Computerized
Maintenance Management Systems (CMMSs), three
important parties may affect DQ: data producers, data
custodians and data consumers. Data producers are people
or systems that generate data. Data custodians are people
who provide and manage computing resources for storing
and processing data. Finally, data consumers are people or
systems that use data. Therefore, data users are critical in
defining data quality [26].

The consequences of poor DQ are significant to 
businesses, governments and society in general [27]. High 
quality information is dependent on the quality of the raw 
data and the way it is processed. Since data processing has 
shifted from a role of operations support to become a 
major aspect in operations itself, therefore, the need for 
quality management of data has become more important 
[28]. Many similarities exist between the manufacture of 
quality data and the manufacture of quality products, such 
as, conformity to specifications, lowered defect rates and 
improved customer satisfaction [29]. Data of 
poor quality will result in customer dissatisfaction, lost 
revenue and higher costs, which are associated to the 
spending of additional time to reconcile data. On a larger 
plan this can lead to customers losing credibility in a 
system, as well as, an increased risk of noncompliance to 



regulations. Failure in high DQ also increases consumer 
costs, increases taxes, decreases shareholder value and can 
even lead to mission failure [27]. 

DQ principles have become a core business 
practice in fields, such as, business, medicine, geographic 
information systems, remote sensing and many others. It 
is often the case that data which is used uncritically, 
without consideration to the potential errors contained 
within, can lead to erroneous results and misleading 
information [30]. A short survey of DQ literature has been 
conducted to identify how DQ has been considered in 
some areas of management, engineering and medicine, to 
provide a sample of DQ aspects: 

Wang et al., (1995) developed a framework that can
be used to analyse existing research on DQ and
identify important future research directions. In
selecting the appropriate body of research for
examination, two primary criteria were used: 1) The
authors of the articles specifically recognize a DQ
problem, which they attempt to address in their work,
that is, the research is motivated by a DQ issue. 2)
The researchers addressed a problem that, although
not specifically described as a DQ issue (e.g., user
satisfaction with information systems), is comprised
of components that are related to DQ management.
Many of these authors’ papers are referenced by
research that falls into the first category [31].
Ballou and Tayi (1999) offered conceptual
framework for enhancing DQ in data warehouse
environments. They have explored the factors that
should be considered, such as, the current level of
DQ, the levels of quality needed by the relevant
decision processes, and the potential benefits of
projects designed to enhance DQ [32].
Leitheiser (2001) examined the issues health care
organizations face in trying to deliver high quality
information to clinical and financial end-users in an
environment with many diverse source systems and
organizational units with different business rules. A
model for understanding DQ issues in this
environment is developed and applied to a mid-sized
hospital health care organization. The suggested
model called (architected data warehouse 
environment) which includes the following 
components: Data source systems, Data 
warehouse(s), Datamarts, End-user analysis tools, 
and Transformation/Translation/Transportation tools 
[33]. 
Xu et al. (2002) described an empirical study of DQ
issues during the implementation of ERP (Enterprise
Resource Planning) systems within organizations. A
model was designed to illustrate DQ issues in

implementing ERP (SAP) in two companies. Case 
studies in two large Australian organizations were 
used to provide useful insights into the nature of DQ 
issues in implementing ERP [34]. 
Lee (2003) has suggested that professionals solve
problems by crafting rules to integrate business
process and data processing. They approach this
integration by explicating DQ contexts embedded in
data or re-establishing the missing contexts in data.
Reflecting on and explicating contexts dictates how a
DQ problem is framed, analysed and solved. He has
also suggested that context-reflective knowledge
about solutions must be recorded and shared.
Reflective context explicates knowledge about why a
company collects particular data, how the data was
stored, what constraints were imposed and how the
information was used [35].
Li et al. (2011) analysed knowledge maintenance logs
from the control flow perspective to find a good
characterization of knowledge maintenance tasks and
dependencies. In addition, the logs are analysed from
the organizational perspective to cluster the
performers who are qualified to do the same kinds of
tasks and to find relations among the clusters. The
proposed approach has previously been applied in the
knowledge management system. The results showed
that the approach was feasible and efficient [36].

We need to mention here Metadata is an 
important part of every database. DQ is mainly concerned 
with the data as content but Metadata is also an important 
aspect that affects DQ. Metadata is a description of data 
that can be described as data about data. It is also known 
as a system catalogue [37]. Metadata represents a set of 
concepts that describe the semantic content of a piece of 
information. Therefore, good designed Metadata will help 
in the production of high quality data. 

2.3. Data Quality in eMaintenance 

DQ is an important aspect to consider, since 
without control of the DQ there is no control of the 
accuracy of the output [38]. The reason is the amount of 
information available continues to increase almost 
exponentially in maintenance decision-making, the real 
concern with data quality is to ensure that the DQ in our 
information systems are accurate enough, timely enough 
and consistent enough for the organization to survive and 
make reasonable decisions [39]. 

However, maintaining a high quality data level 
involves significant costs. These costs are associated with 
efforts to detect and correct deficiencies, set governance 
policies, redesign processes and investments in 
monitoring tools. Thus, from an economic perspective one 



would attempt to find an acceptable level of quality at a 
minimum cost [40]. 

There are a number of contributions dealing with 
DQ such as 1) ISO (2009) [27]; 2) Price and Shanks 
(2005) [41]; 3) Wand and Wang (1996) [42], and Wang 
(1996). In ISO standards, there is a description of DQ by 
exploring data architecture, explaining the principles of 
DQ, describing the characteristics of data that determine 
its quality and finally specifying the processes to ensure 
DQ [27]. Price and Shanks (2005) have suggested a 
semiotic framework that classifies data into levels: form, 
meaning and application according to its use and quality. 
Different techniques to improve DQ have also been 
suggested, such as, data profiling, data standardization, 
linking and data cleaning. The need for high DQ is 
important both for designing an eMaintenance solution 
and operation of eMaintenance solutions [41]. In addition, 
Wand and Wang (1996) have defined DQ as a theoretical 
approach. In this approach, they used a set of assumptions 
and definitions to derive DQ dimensions using a design-
based perspective.  They tried to assume some 
deficiencies of the data in the information system that can 
be incomplete, ambiguous, meaningless or incorrect [42].
Finally, Wang (1996) takes an empirical approach to 
define DQ. He has divided DQ into categories and related 
them with some DQ dimensions. This empirical approach 
can be summarized in Table 1 below [28]. 

DQ Category DQ Dimensions

Intrinsic Accuracy, Objectivity, Believability, 
Reputation

Accessibility Access, Security

Contextual
Relevancy, Value-Added, Timeliness, 
Completeness, Amount of Data

Representational
Interpretability, Ease of understanding,
Concise Representation, Consistent 
Representation

Table 1 DQ Dimensions [28] 

2.4. Data Generation Categories 
In maintenance, data used for decision making is

mainly generated automatically by use of technical 
equipment, such as, a sensor or provided though human 
intervention.  Therefore, data can be divided mainly into 
two categories based upon how it is generated; Human-
generated data, such as, data generated through interviews 
and case studies, and Machine-generated data, such as, 
condition based monitoring (CBM) data.  However, there 
are different issues related to DQ concerning these two 
data generation categories.  
1) Human-generated Data: Good quality data from

sensors depends on, e.g. sensor location, mounting, 
measurement interval and timing of the measurement. 
The DQ issue of this concerns when the measurements 
are conducted and how the different individuals in the 
organization interpret this. All these factors affect the 
DQ. Good DQ is dependent on, e.g. professional skills, 
experience and knowledge of the person observing the 
target. Also, instructions, education and the common 
practices of the organization are an important factor in 
DQ. Human error is also another aspect affecting DQ. 
Therefore, usability issues of information systems and 
the different tools used for data collection are important 
in reducing the possibility for human error. 

2) Machine-generated data: There is an increasing
requirement to have maintenance data collected
automatically in real-time for decision-making. Data
can be collected using different types of sensors, such
as, temperature, pressure etc. This information is then
stored directly to a computerized database. In addition,
there are different Enterprise Resource Planning (ERP)
systems or Computerized Maintenance Management
System (CMMS). A CMMS is a software package that
maintains a computer database of information about an
organization’s maintenance operations. All available
CMMS systems offer data collection facilities, although
more expensive systems offer formalised modules for
the analysis of maintenance data [43]. Some examples
of CMMSs are MAXIMO, Movex, IFS and SAP.
MAXIMO is asset management software that provides
insight for all of enterprise’s assets, their conditions and
work processes [44]. Movex, Enterprise Resource
Planning (ERP) software, is described as a basic
requirement in integrating between the head office and
sales units all over the world. The Movex Maintenance
part enables maintenance truly to be integrated with all
business areas [45]. SAP which stands for ‘Systems,
Applications and Products in Data Processing’ is also
an ERP system that includes many tools for enterprise
management solutions, one of these solutions is Product
Lifecycle Management (PLM) and it is used for product
management, product data management and life cycle
management [46]. However; issues related to DQ could
be resulted from i) multiple internal and external data
sources, ii) free-form text containing multiple hidden or
inaccessible business iii) unexpected data values in
some fields [43].

3)



 

 

3. METHODOLOGY  
 

In order to analyse and identify DQ aspects in 
maintenance, several case studies in different industries 
have been conducted. A summary of these case studies are 
provided in next section.  In the description of the case 
studies specific information collected from the companies 
and even the industries they concerned were to be held 
confidential due to security concerns. The methods used 
to collect and analyse information concerning DQ issues 
were included in the case studies section below. 

 
3.1. The Case Studies 

 
Case studies were conducted to learn how DQ 

was maintained in eight large companies, of which, 
represented three industries. Case studies were conducted, 
in Scandinavia, at two mining companies, five pulp and 
paper companies and an airplane manufacturer. The goal 
of the case studies was to 1) compile a list of possible DQ 
issues, and to 2) present it to the eMaintenance 
community. Based upon the needs of the study, which was 
to gain a more complete and unaltered understanding of 
DQ issues in these industries were interviews used.  

Before the interview process began, 
documentation was requested for and provided by the 
companies involved so that the organizational structure 
and the operational processes could be studied more 
thoroughly. Based upon that knowledge, individuals 
holding specific positions in the organizations were 
chosen according to their knowledge of the work 
environment. The interviews were conducted using a 
prepared battery of questions so that results could be 
compared between the different actors and companies. 
People from different positions and organization levels 
were interviewed to get as many perspectives on the 
maintenance process as possible, which included both 
maintenance and production organizations. The focus of 
the interviews was on data and information flow within 
the maintenance process. This included the systems 
supporting these flows and problems related to these 
areas.  

The interviews were conducted in two rounds; the 
first round was conducted with maintenance and 
production personnel and in the second round was 
conducted with maintenance technicians. This was done 
to understand the information flows and IT support for 
maintenance execution. Table 2 shows titles and tasks of 
the personnel interviewed. As is true with many interview 
studies are the results are highly dependent on people’s 
perspectives and experiences and, thus, if the interviewees 
and interviews are not carefully prepared then 
incongruences may arise resulting in unreliable data from 

the responses. To gain a more complete picture about 
issues related to DQ, people’s thoughts, feelings and 
motives were also sought after.  

 
Title Task 
Section 
Manager 

Automation and plant maintenance 
Foreman Mechanical maintenance 
Mechanic Mechanical maintenance 
Foreman Electrical/automation maintenance 
Mechanic Electrical/automation maintenance 
Engineer Development of mechanical 

maintenance, Condition monitoring 
Technician Preventive maintenance, KaTTi upkeep 
Mechanic Preventive maintenance 
Operator Production 
Designer Automation systems 

 
Table 2 Titles and tasks of interviewed personnel 

 
The goal of this work is to identify problems 

related to DQ in all phases of the maintenance process. 
The interviews were semi-structured with open-ended 
questions and each lasted about one hour. The interview 
structure was based on the sub phases of the maintenance 
process, see Figure 1. These phases guided the semi-
structured interviews, followed by questions and 
additional issues raised by the respondents. During the 
interviews, the aim was to get an understanding of how 
the different maintenance phases were supported by ICT 
and the information flows throughout the phases. After 
the interviews, problems related to information flow in 
maintenance were compiled and structured according to 
their relevance to DQ and impact on the different phases 
in the maintenance process. All the interviews were 
recorded and reviewed during the data analysis.  

 
4. RESULTS 

 
The results from the data analysis of the case 

study data show that there are a number of fundamental 
aspects of DQ in maintenance that need to be considered 
when developing and establishing eMaintenance solutions 
as support to maintenance decision making. After doing 
the study in the case studies above, eMaintenance 



solutions used in maintenance at the studied companies 
are, with few exceptions, a number of “stand alone” 
CMMSs with poor integration and manual data exchange. 
In the study, a number of problems were identified related 
to the use of ICT in the maintenance work.  

4.1. Identified Data Quality related aspects 

During this study, a number of problems have 
been identified which related to the use of ICT in the 
maintenance phases.  
1. Stand-alone IT-systems: The CMMS was not used

comprehensively nor did it contain all information
required for operative and strategic decision making
in the different phases of the maintenance process.
Along with that, there were different sections in the
maintenance information systems, which were not
interconnected. Hence, that leads to data integration
problems, like maintenance management, and
information search difficulties. Data from production,
material management, parts storage and purchasing
related IT-systems were not connected to data in the
maintenance information system since they were
stand-alone IT-systems. The data was then
incompatible and difficult to integrate, which
complicated operative and strategic maintenance
decisions.

2. Data multiplicity: This problem concerns the
documentation and storage of duplicate information.
Certain information regarding technical
documentation and drawings were stored both in the
maintenance system and in other media (i.e. computer
hard-drives, CD-ROMs, paper), although, in many
cases, there was no technical information, drawings or
work instructions available in the maintenance
system. This resulted in stored information that was
not regularly updated or maintained, thus making it
difficult for the users to know if it was reliable or not.
Moreover, maintenance information was stored in
different and non-correlating subparts of the system.
Therefore, conducting a historical overview of
previous maintenance activities was difficult. A
previous and more successful solution was paper
device cards, which, contained technical information,
drawings, work instructions and historical information
about previous maintenance actions. This was
successful since one person was always responsible
for updating these cards, resulting in much more
reliable information.

3. Manual input and transfer of data: The first problem
relates to the practice of manual data input. The
practice of manual data entry has resulted in data of
varying quality, due to the fact that, some of the
maintenance personnel unknowingly omit compulsory
data while others may enter very detailed and
descriptive failure reports. This results in the
maintenance foreman, more often than not, consulting
the operational staff for help and, additionally,
conducting a physical inspection of the previous
work. Secondly, since the data was manually
transferred between systems there was a risk of data
loss or corruption each time data was transferred and
re-entered. This made it increasingly difficult for the
personnel to look for additional information.

4. System usability: This problem points to the interface
and functionality of the systems used in the
maintenance processes. One interviewee stated that
the usability of the maintenance system was low
because it was difficult to find relevant information
and even guidance on how to use the system properly.
The search function in the systems were not well
designed and making it difficult to find relevant
information, i.e. historical information on
maintenance actions.

5. Accessibility to IT tools: Maintenance related IT-
solutions are developed to improve different parts of
the maintenance process. However, IT-solutions were
often not available at the workplace. The most
common situation was that maintenance and operative
staff needed to access the IT-solutions through an
office PC. However, the most significant part of the
data from the maintenance process was collected from
the work place during maintenance execution part
(see figure 1). Since IT-solutions were separated from
the actual maintenance work, they could not support
maintenance actions correctly.

6. Performance indicators missing or difficult to obtain:
Maintenance assessment was based on information
from a software vender, where material costs, salaries
for the maintenance staff and costs for subcontractors
were followed up. However, material costs were only
followed on a sub-process level and not on equipment
level. Along with that were salaries only followed on
a plant level and there was no information available
for the efficiency of the maintenance organization
(due to inaccurate and invalid data of work time
execution and work order status). Thus, it was



difficult to make assessments and give improvements 
to the organization based on its actual performance. 

7. No instructions or guiding: A lack of instructions and
guide available to the operation and maintenance staff
resulted in the lack of a plan or common practice
concerning what information, by whom and in what
form it was to be collected in, during the different
phases of the maintenance process. Since there were
different ways to collect and report data the
information found in the database was not consistent.
The lack of system helps made things even more
complicated for the users, thus, it was difficult to do
systematic data-analysis and to produce key
performance indicators.

8. Poor data upkeep: There was no systematic
maintenance/upkeep of the data, therefore the quality
of the data entered into information system decreased.
To be able to give reliable information from a large
amount of data, the data has to be both entered
correctly and in the correct form. To achieve that,
regular controls and correction of the data are
required, since there was no one responsible for these
things fell behind.

9. Problems with Metadata: Metadata is the description
of data and is mainly developed and added to the
system database during the implementation phase of
the information system, e.g. equipment hierarchy,
position numbers, devices and spare parts numbers.
Therefore, the gaps and mistakes in the Master-data
significantly affected the quality of the aggregated
data.

10. Data not used for strategic decisions: In this study, the
CMMS was mainly used for information transfer and
communication between people in different positions
and organizations, i.e., the sending and receiving of
work orders or accessing information from the
system. Thus, data in the CMMS was not collected for
operative and strategic decision-making. That resulted
in employees who did not see any reason to collect
nor enter good quality data into the system.

11. No Knowledge recycling: It was difficult to share and
recycle knowledge from previously conducted
maintenance. In general, all unplanned shutdowns
lasting for more than one hour were followed up in a
root cause analysis. The section manager was
responsible to read and store everything in a Word
template. Since the organization did not allow for
easy access to historical data, saved files were rarely

consulted nor were previous work consulted. Another 
point was that knowledge was not reused in assisting 
the completion of work orders, thus, little information 
was reused from previously recorded work orders 
making it difficult to use the work orders as a source 
of knowledge when similar errors occured in the 
equipment. 

12. Poor team cooperation: The internal structure did not
encourage cooperation between the maintenance
teams. In some of the studied cases, were some
failures were not specifically a mechanical or an
electrical problem, they could only be solved by both
the electrical and mechanical technicians working
together. The work orders were even designed for
either the mechanical or electrical groups. If one team
could not find the solution, they directed it back to the
other team and vice versa. The teams also had
separate break areas and foremen, thus, the
information sharing between the groups was not
facilitated by the system or the organizational
structure.

13. Poor IT competence: CMMSs are usually developed
to assist mainly maintenance organisations in their
tasks. In addition, some companies use the CMMS to
manage their whole operative and strategic actions. In
contrast, the CMMS was used only by the
maintenance organisations in the companies studied.
Therefore, many actions, made by the operative staff
and service providers, were not reported in the
CMMS. In several instances, they did not even have
any access to the CMMS. On top of that, another
problem was that not everyone in the maintenance
organization was able to use the CMMS, which
resulted in many situations where mechanics were not
collecting, reporting or seeking information from the
system. Instead, information was, at a later point in
time, entered by the foreman who did not conduct the
task nor did they observe it being completed. Due to
this, data in the CMMS could easily be incorrect
and/or incomplete. Thus, when the operative and
strategic decisions were made, they were based on
partial data, and the resulting decisions were often
built upon limited knowledge.

4.2. Rooting DQ issues to maintenance 

The perceived problems, which were presented in 
the previous section, are all rooted in as different aspects 
of DQ. Table 3 gives an overview of the different 



problems identified during the studies, and also a linkage 
between the problems and the phases in the maintenance 
process. This shows the relation between each DQ aspect 
and each phase of the maintenance process that may affect 
it. It also shows if the DQ issues are resulted from 
Machine and/or Human sources during the maintenance 
process. 

Table 3: Identified DQ issues and linking them to 
maintenance process. 

5. DISCUSSION

Overall, the results show that the greatest question 
concerning DQ pertains to the usefulness of the IT-
system. In many of the cases the system has 
incompatibility issues, accessibility issues and/or usability 
issues. From those cases several aspects arose and almost 
all of them concern the user instead of the performance of 
the computer system itself.  

One of the main concerns was the complexity 
and/or incompatibility of the users to effectively exploit 
the given IT solutions. This inability has led to severe DQ 
issues. Unfortunately, the phases of the maintenance 
process, which produce the greatest DQ issues, deal 
directly or indirectly with the personnel on the floor. This 
would include those who plan, conduct and assess the 
undertaken maintenance. This leads to probably the 
greatest question facing each organization, that is, what 
goal do they have concerning DQ? Since low DQ can 
severely affect long and short term strategic planning it 
may be worthwhile to seriously consider revamping some 
areas of the maintenance structure. While other items 
concerning Master data may require a greater effort to 
repair, which may even requiring a system wide revamp 
to remove the critical weaknesses. 

There are also noticeable differences in the 

problems associated to the Machine-generated and 
Human-generated data. The main problem with the 
Automatic Sources is that software compatibility issues 
often arise from the system. This is most likely caused by 
the organizations choice to implement standalone systems 
and not use an integrated approach. Without deep insight 
on the compatibility or the cost things may seem to be an 
easy choice. Although to implement  several different 
systems in a plant wide network, the resulting costs often 
are both economically costly, as well as, a system wide 
cost resulting in systems with poor or no communication 
with each other. Concerning Human generated data 
sources, it has been shown to be great challenge for (11) 
of the stated (13) areas of DQ issues as shown in Figure 2.

This shows that the level of human responsibility 
in the maintenance system is quite large. IT solutions have 
been known to reduce the level of human dependency in 
the system and reduce the risk for human errors. The 
success of these two factors should also, in turn, result in 
a diminished need for specifically skilled workers. A 
downsizing of the workforce did occur in tact with the 
introduction of these systems and along with that the roles 
of the service and support personnel have changed. The 
result of this is IT solutions that now need application 
specific upkeep. A new type of employee is now needed 
in the organization and often the importance of this type 
of personnel is overlooked. Without the proper personnel 
the required upkeep is not undertaken resulting in 
deficiencies in other areas. What has happened is that the 
organizations initial attitude towards newly implemented 
systems as being a “cure all” or an “implement and 
forget” solution has not been true. After haven applied 
this strategy, new and unforeseen needs have arisen 
resulting, in some cases, an even less understanding and a 
poorer general overview of the whole process. Overall,
the level of understanding of the production system is less 
than it initially was before the new IT solutions were 
installed, resulting in new and unforeseen production 
problems. To combat these types of problems it is 
necessary to understand the issues involved in 
management decisions and systematically work towards 
complete solutions.  



 
Figure 2: Human and Machine related DQ issues. 

 
Generally speaking people within the 

organizations had differing understandings of how the IT 
systems could be applied. From the level of 
leadership/management were strategic decisions made 
based upon unrealistic expectations, while those who used 
the system saw the IT solutions as a threat to their 
capabilities and, therefore, did not seek to fully 
understand them. Due to these incorrect expectations the 
resulting systems were not used to their full potential, 
which indirectly resulted in DQ issues.  

Another area of concern was the personnel’s 
attitude towards IT solutions. Up until today, the push was 
to use more IT solutions to improve efficiency and save 
money. On the other hand, several cases showed that the 
company culture did not assist this. The implementation 
of a “true” or complete system was never possible. It 
almost seemed that the leadership was not interested in 
paying for the finished product, which involved a complex 
and time consuming process. Without support from the 
company leadership many of the “improvements” fell on 
the wayside. A conclusion is that if the whole 
organization is not completely convinced in the systems 
usefulness it will most likely also result in a similar fate.  

One way to prevent or reduce the negative 
attitudes towards new implementation and the usage of IT 
technology is to increase the IT competence of the whole 
organization. With a better understanding of how IT 
solutions can be used within the organization, personnel 
will they be more positive towards its implementation. 
Along with that, when they are part of the implementation 
process, they are more likely to feel like system owners, 
having responsibility in the IT system. This will help lead 
a cultural change in the organization. Just as the results 
have shown, there is a need to reduce manual input of 
maintenance information and increase the IT competence 
within the organization. 

To maintain a high level of performance in an IT 
solution it is necessary to produce and maintain high 
quality Master data. Master data is often created and 

implemented at the point of installation. In several of the 
organizations studied resulted the lack of motivation from 
the organization have to incomplete or incorrect Master 
data. If the motivation level of the whole organization is 
high then a united leadership and workforce would also 
help implement high quality systems with high quality 
Master data. This is also true for data upkeep. With a 
through data upkeep it is even possible to identify and 
correct problems in data collection. As in this case, it is 
necessary to have a motivated organization, since if one of 
the groups in the organization does not understand the 
need for good DQ then they could easily become a 
bottleneck in the systems implementation. 

Metadata has also an important role in the 
management and sharing of knowledge. In this case a 
good description of data makes it possible to reduce errors 
during the data aggregation process, which will lead to an 
increase Metadata quality. Even though, there will always 
be some aspects of the Metadata that are inaccurate, 
inconsistent or out of date, therefore, it is essential that 
quality assurance is built into the system during the 
Metadata creation process. Thus, its scope extends beyond 
the local context and the resulting Metadata will 
positively impact the DQ. 

Finally, to be able to keep the organization 
updated and motivated, clear goals need to be established. 
Without the goals the organization will tend fall back to 
their previous habits not support the implementation 
properly. It is necessary that all in the organization 
understand why things should be implemented, e.g. data 
entry, upkeep, analysis, etc. An overarching final goal 
should be that the whole organization works together to 
solve these issues. As with that an important issue, 
cooperation between work teams is really important. To 
facilitate this, everyone must understand the overall goals 
of what needs to be done and why it must be completed. 
In this way maybe even work teams will look for 
cooperative solutions. 

 
6. CONCLUSIONS 

 
The purpose of this paper was to explore and 

identify the aspects of DQ in eMaintenance. However, 
based on the results from the conducted case studies it can 
be concluded that effective and efficient maintenance 
requires proper information logistics, of which could be 
provided through eMaintenance solutions. Although, the 
development of eMaintenance solutions faces several 
challenges. Some of these challenges can be related to 
services aimed for acquisition, processing, analysis and 
delivery of content aimed for a target context. Others can 
be related to the content, which is provided though the 
services. In both cases, ensuring the quality of data is 



highly important. Hence, eMaintenance solutions should 
provide mechanisms that measure, analyse, manage and 
visualise Quality of Service and DQ. The conducted case 
studies indicate that DQ can be related to different 
features (e.g. usability, accuracy, and relevancy). These 
DQ features should to be clearly visualized in order to be 
measured and managed by the eMaintenance solution.
This includes user specific helps.  

Good quality Master data and Metadata are 
necessary for the DQ output, therefore, time and resources 
need to be administered by the organization leadership. 
Overall, the whole organization needs to be motivated to 
maintain high DQ. By stating clear goals and following 
them the organizational leadership must take the lead and, 
in turn, the whole organization should follow after. DQ in 
data upkeep would most likely also improve in suit. 
Finally, the result of this work would most likely lead to a 
better cooperation between the work teams. 

It can be concluded that some generic 
contributions, dealing with DQ exist, but there is a need to 
develop quality assurance mechanisms within 
eMaintenance. These mechanisms should encompass all 
phases of the maintenance process; management of DQ 
from different data sources and at various aggregation 
levels; the visualisation of DQ for improved usability;
adaptation to the user’s context and decision processes;
and for criticality management. Furthermore, it is also 
important that there is an overarching plan for information 
management that covers a system’s whole lifecycle.
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1. Introduction

Maintenance can be described as the combination of all technical 
and administrative actions, including supervision actions, intend-
ed to retain an item in, or restore it to, a state in which it can 
perform a required function [4, 6]. Maintenance can be divided 
into preventive and corrective maintenance, where both generally 
are followed up regarding performance and costs. Information 
technology (IT), such as enterprise resource planning (ERP) 
systems and maintenance management systems (MMS), are used 
for such activities. The data of preventive and corrective mainte-
nance work is commonly called maintenance records, reports or 
work orders, and follows a set template and procedure for regis-
tration and closure, through a graphical user interface (GUI). 
Maintenance records contain a number of fields/boxes, such as: 
record identification number; asset information regarding system, 
subsystem and components; maintenance activity; failure cause; 
and remedy. However, the content depends if it is corrective or 
preventive maintenance records. The records fields within a GUI 
comprise of drop-down lists, list boxes, check boxes and text 
entry fields. In contrast to the other data fields, the text entry 
fields are filled as the operator thinks is necessary for the under-
standing of the work carried out. Accordingly, the text entry 
fields of maintenance records can contain any words, in any 
number, i.e. unstructured text. 

High quality information depends on the quality of the raw da-
ta and the way it is processed [12]. For monitoring maintenance 
performance and costs, computerized analysis and eMaintenance 
solutions [9, 10] are applied by organizations, and especially in 
asset intensive or safety oriented organizations, e.g. manufactur-
ing, transportation, aviation and nuclear. However, when it 

comes to maintenance records, manual analysis of the records’ 
text entry fields is normally required before any decision making. 
Specifically, it means reading records one by one, which is a 
tedious and resource consuming process. By computerized analy-
sis, i.e. natural language processing (NLP), it is possible to make 
the process considerably more efficient. Also, data quality issues 
are to a great extent related to manual input and human errors. 
Aljumaili et al. [1] found that about 80% of data quality issues 
are related to human errors, while 20% are related to machine 
failures. Thus, NLP is also relevant in the sense that it has the 
potential to improve the data quality of such entry fields. 

In this article, NLP is applied to maintenance records’ text en-
try fields, as a case study. The aim is to demonstrate how basic 
NLP can bring further value in the assessment of technical assets’ 
performance, by relating text entry field data to other data fields. 
After stressing the importance and introducing some of the main 
features of data quality, NLP and the method applied are de-
scribed, followed by a case study on linear assets, or more specif-
ically on railways. However, the method is generic and similar 
for other technical assets and organizations. 

2. Data quality

Lack of relevant data and information is one of the main prob-
lems for decision-making within the maintenance pro-cess [10]. 
The provision of the right information to the right user with the 
right quality and at the right time is essential [7, 10]. High-
quality data are commonly defined as data that are appropriate 
for use [11, 12]. Wang [12] presents a framework of data quality 
consisting of four categories: intrinsic, contextual, representa-
tional and accessibility, see Table 1. For example, objectivity is 
the extent to which data are unbiased (un-prejudiced). An indica-
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Enterprise resource planning systems and maintenance management systems are commonly used by organisations for handling of maintenance records, 
through a graphical user interface. A maintenance record consists of a number of data fields, such as drop-down lists, list boxes, check boxes and text
entry fields. In contrast to the other data fields, the operator has the freedom to type in any text in the text entry fields, to complement and make the
maintenance record as complete as possible. Accordingly, the text entry fields of maintenance records can contain any words, in any number. 

Data quality is crucial in statistical analysis of maintenance records, and therefore manual analysis of maintenance records’ text entry fields is often
necessary before any decision making. However, this may be a very tedious and resource consuming process. 

In this article, natural language processing is applied to text entry fields of maintenance records in a case study, to show how it can bring further
value in the assessment of technical assets’ performance. 
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tor lacking objectivity could be one where a certain percentage of 
the data has been excluded without sound statistical reasoning. 
Excluded data could be long down times or down times of a 
specific system, which would make the indicator result appear 
good in certain perspectives. 

Table 1. Data quality dimensions [12] 
Category Dimension 
Intrinsic Believability, Accuracy, 

Objectivity, Reputation 
Contextual Value-added, Relevancy, Timeliness, 

Completeness, Appropriate amount 
of data 

Representational Interpretability, Ease of understanding, 
Representational consistency, 
Concise representation  

Accessibility Accessibility, Access security 

Quality dimensions with particular relevancy to text entry 
fields of maintenance records are: accessibility, representational 
consistency and completeness. Accessibility is the extent to 
which data are available or easily and quickly retrievable. Data 
that requires extensive manual intervention to be collected has 
poor accessibility, e.g. manual reading of text entry fields. Rep-
resentational consistency is the extent to which data are pre-
sented in the same format and are compatible with previous 
data. Consequently, an input field which is free to fill out, i.e. 
text entry fields, results in such data quality issues. Completeness 
is the extent to which data are of sufficient breadth, depth and 
scope for the task at hand. Consequently, decision based on a set 
of indicators that do not consider maintenance records’ text entry 
fields for description may not be as effective as desired. For 
example, in maintenance records, failures are commonly con-
nected to systems and components using predefined drop-down 
lists. By sorting the records according to the systems and compo-
nents, the items with the highest failure frequencies and down 
times can be found out. However, a component that is not prede-
fined in a drop down list may go undetected. 

3. Methodology

This section aims to cover the basics of NLP, together with the 
method applied to maintenance records. Possibilities offered by 
more advanced NLP methods are given in the discussion section. 

3.1. Natural language processing (NLP) 

NLP can be described as any kind of computer manipulation of 
natural language [3], i.e. it includes computer science and lin-
guistics. As an example, a simple NLP can be to count word 
frequencies, while a highly advanced NLP could be to answer 
human-language questions. Examples of NLP applications are 
web search engines, machine translation and subject applications, 
such as medical records and enterprise data. A few applications 
within maintenance can be found. Bayoumi et al. [2] developed a 
NLP model for connecting maintenance faults data to vehicle 
sensor data. By use of NLP, it was found that maintenance faults 
can be described by a significantly reduced lexicon of words, and 
thereby improve retention rate of NLP to near 100%. Another 
NLP application is on automatic quality control of vehicle acci-
dent reports by Gerber and Tang [5]. The developed model iden-
tifies human introduced errors in accident reports, and showed to 
outperform the baseline methods used. 

As a brief introduction to NLP, common terms and NLP pro-
cesses are given below: 

Corpus: A corpus is a large body of text; raw or categorized. 
A corpus can be used to for code training. 

Sentence segmentation: Separation of sentences; difficult as 
a period is also used to mark abbreviations. 

Tokenization: Dividing text into words, commas, etc., i.e. 
tokens. 

Normalization of tokens: Change of upper case to lower 
case. 

Stemming: Removal of affixes, e.g. -s and -ed. 

Lemmatization: Mapping of various forms/inflections of 
words/tokens, e.g. good is the lemma of better. Lemma-
tization is also related to mapping of synonyms. 

Part-of-speech tagging: Grouping into classes, e.g. nouns, 
verbs, adjectives and adverbs. 

Chunking: Segmentation and labeling of tokens to entities, 
e.g. “She saw the black swan” consist of two noun phrase
chunks, which are “she” and “the black swan”.

An example of a corpus is the Brown Corpus, which was 
compiled in the 1960s out of about 500 text sources and contains 
a bit above one million terms, categorized and tagged. Another 
example is the Universal Declaration of Human Rights (UDHR) 
corpus, given in 372 languages. Even though many corpora are 
available, specific applications and languages often require com-
pilation of a customized corpus. For introductory literature to 
NLP, see for example Manning and Schütze [8] and Bird et 
al. [3]. 

3.2. Method 

Various computer programs for NLP are available with corpus, 
special modules and special applications, such as enterprise data. 
However, since the aim is to demonstrate how basic NLP can be 
applied to maintenance records, a customized algorithm has been 
written in MATLAB. A customized code can in contrast to spe-
cial program commands demonstrate the process in more detail. 
Also, the application requires a customized corpus; maintenance 
data are of a particular asset in a particular language, i.e. three 
factors requiring specially made code. 

For analysis of maintenance data text entry fields, the main 
steps of the algorithm, which is basic in programming, are shown 
in Figure 1. 

The occurrence of token types can provide information about 
failure causes, types of failures, and the items that have more 
failures than others. Therefore, these extracted tokens, found to 
be interesting, can then be compared and linked to analysis of the 
other data fields, for additional information and study of agree-
ment, or disagreement. Thus, the maintenance data is a semi-
structured corpus. 

4. Case study

A case study has been carried out on rail infrastructure to demon-
strate the method discussed. The data used in this study was 
provided by Trafikverket (Swedish Transport Admini-stration). 
However, analysis in other organizations and for other assets will 
not yield the same result, but the method for assessing is similar. 
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Maintenance 
data

Read data to m × n matrix A

Loop white-space separated string cells 
aik, specifying the delimiting character 
as space, and write to l × 1 vector x

x = [xl]
k = Text entry

column

A = [aij]
i = 1,…,m
j = 1,…,n

Start

Loop cells xl of vector x and delete 
substrings, e.g. regarding full stops, 

commas and conjunctions

Loop cells xl of vector x and replace 
upper case letters with lower

case letters

Loop cells xl of vector x and replace 
similar words

Loop cells xl of vector x and write 
unique substrings to vector y y = [yp]

Loop cells xl of vector x and calculate 
occurrence of cells yp in x

End

Corpus

Tokenization

Normalization
of tokens

Stemming and
lemmatization

Extraction of
token types

Counting

Figure 1: Flowchart of NLP algorithm. 

4.1. Data collection 

Operation and maintenance data have been collected from the 
Swedish railway section 111. Section 111 is a 128 km 30 tons 
axle load mixed traffic section of the Swedish Iron Ore Line, 
stretching from the border of Norway, Riksgränsen, to Kiruna 
city (Figure 2). 

Riksgränsen

Kiruna

Figure 2: Swedish railway section 111 stretching from the 
border of Norway, Riksgränsen, to Kiruna city. 

The failure data is collected from Trafikverket and constitute 
of infrastructure related corrective maintenance work, i.e. failure 
data. The corrective maintenance consist of urgent inspection 
remarks reported by the maintenance contractor, as well as fail-
ure events and failure symptoms identified outside the inspec-
tions, commonly reported by the train driver, but occasionally 

reported by the public. The failure data is from 2001.01.01 – 
2014.01.01, i.e. 13 years, which in total gives 10 958 records, 
with about one fourth causing train delays. The train delaying 
failures per system are shown in Figure 3. 
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Figure 3: Failures per system of Section 111. S&Cs equals 
switches and crossings. 

4.2. Data quality of maintenance records 

Simple data quality checks have been carried out on the failure 
data (Figure 4). Each record consists of 71 fields. Fields with 
100 % usage means that all records have some text or numbers 
filled in. Therefore, a data field with low usage can mean that the 
data quality is low, or it may just not be applicable for every 
record. However, some data fields may be missed during the 
input process due to some error.  As an example, the field for 
registering the failed component has a usage of ~30%. This, 
apparently low value, could be by several reasons, such as: fail-
ures cannot be allocated to a single component, like in the case of 
snow in switches and crossings (S&Cs); or that the component 
does not have a single commonly used name. However, the fig-
ure gives information regarding which data of the records that is 
suitable for case studies. Also, in this way it is possible to im-
prove the work order process, e.g. by removing unnecessary 
fields and improving the way of completing other fields. 

The text entry field
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Figure 4: Usage of fields in the failure records. 

The text entry field for describing the failure and work carried 
out is used in more than 99 % of the records (Figure 4). Thus, 
further analysis can be done as the field is frequently used. 

4.3. Results and discussion 

The text entry fields of the 10 958 records is found to contain 
69 382 words in total. Following tokenization, normalization of 
tokens, stemming and extraction of token types (types), the num-
ber of types is found to be 8 442; see Table 2. 
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Table 2: Richness of words of the text entry field. 
Total number of tokens in the text entry 
field, i.e. the description field 69 382 

Number of token types, i.e. disregarding 
repetitions 11 400 

Number of token types after removing 
commas and full stops 

9 756 

Number of token types after changing 
capital letters to lower case 8 442 

By sorting the types by occurrence, it is noticed that the most 
frequently used types are found in more than one thousand of the 
records; see Figure 5. Furthermore, by limiting the study to the 
250 most used types, it is seen that the 250th type occurred in 39 
records, i.e. not many in comparison to the total number of rec-
ords. After removing needless types, e.g. conjunctions and prepo-
sitions, 143 unique types are left of the 250. Finally, through 
grouping of similar words (stemming and lemmatization), e.g. 
singular, plural and synonyms, there are 104 words left. Figure 5 
shows the first 80 types (unique “words”) with the highest occur-
rence. The terms are translated from Swedish to English, and 
conse-quently, the translated terms can consist of several words, 
like “error code” is one word in Swedish. A number of types are 
marked out by arrows in Figure 5 for discussion. 

The second highest occurring type, “control”, means that 
switch points are not in control/position, and thus, the type “con-
trol” could be aggregated with the fifth most used type, “switch”, 
which then would become the most occurring type. 
By comparing Figures 5 and 3, it can be seen that the top token 
types and failures per system are similar, i.e. S&Cs and track. 

The type “moose” is found on the 16th place, occurring in 234 
records (cows, bulls and calves included as similar terms). 
By studying these 234 records, it is found that it would be hard to 
manually identify these records from the 10 958 records. 
The data can manually be sorted on animals in track and on the 
animal moose, but it would only give 149. 

Another type is “freeze”, which occurred 144 times. Freeze is 
referring to computer freeze/hang. By studying the 144 records, it 
is found that it would not be possible to sort them out without 
reading the free entry field of each of the 10 958 records, i.e. 
69 382 words. 

The next type is “cable dug up” (often costly), occurring in 68 
records. By manually sorting the 10 958 records for cable sys-
tems, 172 records would be found, which would include 47 of the 
68 cable dug up. In other words, NLP gives additional infor-
mation. 

The type “Broken rails” was found in 63 records. By manually 
sorting for the predefined safety issue “Rail breakage”, 72 rec-
ords are found. However, the NLP found 18 records that the 
manual sorting missed. Suspected rail breaks are excluded from 
these 18 records, but since the predefined safety issue “rail 
breakage” has not been ticked, there is still some uncertainty 
about some of these records, i.e. those not clearly described in the 
text entry fields. 

The types “96” and “93” (not marked with arrows) are identi-
fication of trains, which make it possible to compare which trains 
are linked to most rail infrastructure failures. 

Lastly, the type “derailment” (not shown in Figure 5) gives six 
records where wheels derailed. Since the MMS system did not 
have a specific box implemented for indicating derailment before 
2009, only two of the records can easily be sorted out manually. 
Four records would be possible to identify by use of several 
predefined drop-down lists. 

r r

Figure 5: Occurrence of types (unique “words”) in the text 
entry field of maintenance records. 

Results from the NLP give statistics on types (occurrence of 
unique “words”) in maintenance records’ text entry field, i.e. the 
descriptive text typed in by operators. Subsequently, the types 
have been used to extract maintenance records according to a 
specific type in the text entry field. The extracted records have 
then been compared by trying to extract the same records from 
the whole dataset manually, by use of filtering functions in 
spreadsheet software. However, spreadsheets are filtered by use 
of drop-down lists, or pivot tables, i.e. it cannot filter text entry 
fields. The comparison showed that some information can only 
be found in the text entry field, and consequently, manual reading 
of the text entry field is required to capture all records related to a 



International journal of COMADEM 

specific failure type or unique word. For the data used in this 
study, in a worst case scenario, it would mean reading text entry 
fields of 10 958 records, which equals 69 382 words. Alternative-
ly, NLP can be carried out, which is fast and simple when algo-
rithms are in place. It is clear from this study that NLP can save 
time in the analysis of data. In addition, more information can be 
extracted that can support decision making. 

5. Conclusions

NLP of text entry fields of maintenance records has been demon-
strated in a case study. It has been found that NLP makes the 
analysis process more efficient, gives additional information, and 
in some cases, it is the only realistic method for analysis of 
maintenance records, as long as resources for manual analysis is 
not endless. Moreover, since NLP improves identification of 
failures, it improves the input data to reliability and availability 
studies, as missing observations (failures) can have a large effect 
on the mean time between failures and maintenance times. 

The method also provides an overview of data quality, as 
maintenance records extracted by applying NLP to the records’ 
text entry fields gives information on what data is missing or is 
important in the records’ predefined fields. 

Case study specific results are as follows: NLP gave 68 cable 
dug up related maintenance records; manual extraction gave 47. 
NLP gave 144 computer freeze records; manual extraction was 
not possible. NLP gave six derailment records; manual extraction 
gave four. NLP gave 18 additional rail breaks to the 72 found 
manually. NLP gave 234 moose related records (rail infrastruc-
ture failures); manual extraction gave 149. 
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Abstract
Purpose – The purpose of this paper is to explore the main ontologies related to eMaintenance
solutions and to study their application area. The advantages of using these ontologies to improve
and control data quality will be investigated.
Design/methodology/approach – A literature study has been done to explore the eMaintenance
ontologies in the different areas. These ontologies are mainly related to content structure and
communication interface. Then, ontologies will be linked to each step of the data production process
in maintenance.
Findings – The findings suggest that eMaintenance ontologies can help to produce a high-quality
data in maintenance. The suggested maintenance data production process may help to control data
quality. Using these ontologies in every step of the process may help to provide management tools
to provide high-quality data.
Research limitations/implications – Based on this study, it can be concluded that further research
could broaden the investigation to identify more eMaintenance ontologies. Moreover, studying
these ontologies in more technical details may help to increase the understandability and the use
of these standards.
Practical implications – It has been concluded in this study that applying eMaintenance ontologies
by companies needs additional cost and time. Also the lack or the ineffective use of eMaintenance tools
in many enterprises is one of the limitations for using these ontologies.
Originality/value – Investigating eMaintenance ontologies and connecting them to maintenance data
production is important to control and manage the data quality in maintenance.
Keywords Standards, eMaintenance, Ontology, Data quality
Paper type Research paper

1. Introduction
Interoperability is one of the most important aspects inside companies and business
enterprises. It can be defined as the ability of applications and systems to share information
and exchange services with each other, based on standards, and to cooperate in processes
using the information and services (Murphy, 2007). IEEE has defined interoperability as
the ability of two or more systems or components to exchange information and to use the
information that has been exchanged (Geraci et al., 1991).
Interoperability has many objectives. One important objective is to make software

components working smoothly together, without regard to details of any component’s
location, operating system, programming language or network hardware and software
(Siegel, 1998). Standards provide an environment to achieve interoperability. As essential
property for long-term data retention, they offer stability in the way information is
represented. This retention issue is increasingly recognized as a costly and critical problem
for industries with long product life cycles, such as aerospace (Ray and Jones, 2006).
As a result to the development in information and communication technology (ICT),

standards are required to ensure performance, conformity and safety of new products
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and processes. Standards are documented agreements containing technical guidelines
to ensure that materials, products, processes, representations and services are fit for
their purpose. In case of data interoperability, standards are mainly described in the
form of some data fixed formats (Allen and Sriram, 2000).
Standards, data exchange models and communication protocols are important aspects in

order to achieve data interoperability between different systems in maintenance, operations
and inside an organization hierarchy. When developing eMaintenance solutions as support
to maintenance decision making, integration architecture for data exchange between
different data sources is important. The design of integration architecture is highly
dependent on the mechanism that defines the structure of the data elements and also
describes the relations between these elements (Kajko-Mattsson et al., 2010), i.e. ontology.
In addition, the context of the data should be considered in data systems. To be

interoperable, components and systems must correctly interpret data in the appropriate
context. However, achieving the essential levels of interoperability among
manufacturing system components that provide significant improvements in
manufacturing efficiency still far (Lim and Klobas, 2000).
The purpose of this paper is to explore ontologies related to eMaintenance and to

investigate their application area. Furthermore, a study of data quality aspect within
identified ontologies has been conducted to investigate how data quality is ensured
during data exchange between systems.

2. Maintenance data flow
To perform prognostic or diagnostic maintenance on a specific item, eMaintenance
solutions require access to a number of different data sources, including maintenance
data, product data, operation data, etc. As these sources of data often operate in a
heterogeneous environment, integration between the systems is problematic (Wandt et al.,
2012). As illustrated in Figure 1, different types of data are collected from heterogeneous
sources, such as computer maintenance management systems (CMMS) and product data
management (PDM) system. The data are processed and integrated through data fusion
process and transformed into an eMaintenance information system. Therefore, data
quality needs to be considered during the data collection process to the data fusion and
integration process.

eMaintenanceSafety Data

Health and
Usage Data 

Logistic Data

Business Data Product Data

Context Data

Maintenance
Data 

Operational
Data 

Source: Wandt et al. (2012)

Figure 1.
eMaintenance
data access
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eMaintenance has emerged since early 2000 and can be considered as a concept,
or as a philosophy or as strategy that is widespread today in the industry. eMaintenance
solutions refer to the integration of the ICT within the maintenance strategy from
innovate ways for supporting production (e-manufacturing) to business (e-business)
(Muller et al., 2008). Since data often is transferred between heterogeneous environments,
an important aspect for eMaintenance solutions is interconnectivity. All systems within
the eMaintenance network must be able to interact as seamlessly as possible to exchange
information in an efficient and usable way. In addition, aspects of data quality such
as data accuracy, consistency and integrity should be assured within this network
(Blake and Mangiameli, 2011).
In maintenance like any other aspects in industry, problems in data quality

have direct impact to decision making process. These problems resulted from the
heterogeneous sources of data. Therefore, dealing with these problems should be
considered during the data flow process with the help of eMaintenance ontologies.

3. eMaintenance and data quality
eMaintenance is a multidisciplinary domain based on maintenance and ICT, ensuring
that the maintenance services are aligned with the needs and business objectives of both
customers and suppliers during the whole product lifecycle (Kajko-Mattsson et al., 2011).
eMaintenance can also be defined as a new concept for using new technologies for
maintenance support. In this definition, eMaintenance provides information resources
and information services which can be used to enable development and establishment
of a proactive decision making process thought enhanced use of ICT (Karim, 2008).
eMaintenance solutions may include different services such as eMonitoring, eDiagnosis
and ePrognosis (Kumar, 2010). From a generic perspective, eMaintenance is maintenance
managed and performed via computing (Kajko-Mattsson et al., 2010).
Data quality can be defined as data that are fit for use by data consumers (Strong

et al., 1997b). In information processing area, people consider data quality by mainly
focussing on some attributes like accuracy, precision and timeliness (Levitin, 1998).
In maintenance decision making, data quality is an important aspect to consider, since
without controlling it, there is no control of the accuracy of the output (Karim et al.,
2008). In a CMMS, three important parties may affect the quality of data; data
producers, data custodians and data consumers. Data producers are people or systems
that generate data. Data custodians are people who provide and manage computing
resources for storing and processing data. Finally, data consumers are people or
systems that use data, i.e. data users (Leitheiser, 2001).
High-information quality content (i.e. accurate, complete and relevant information)

leads to better product cost control and increased organizational efficiency
(i.e. increased decision-making efficiency) (Gorla et al., 2010). As mentioned,
when developing eMaintenance solutions as support to maintenance decision
making, integration architecture for data exchange between different data sources
is important (Kajko-Mattsson et al., 2010). Therefore, eMaintenance ontologies,
i.e. standards, have may contribute in enhancing the quality of data in maintenance.

4. Data quality problems
In information science research, data quality has been investigated extensively.
However, much of the discussion has been devoted to the underlying dimensions, such
as, accuracy, completeness, presentation and objectivity where the main focus was
how to define these dimensions or attributes (Arazy and Kopak, 2011).
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Strong et al. (1997a) observed some key problems related to data quality.
In summary, these problems are (Strong et al., 1997a):

(1) multiple sources of the same information produce different values;

(2) information is produced using subjective judgments, leading to bias;

(3) systematic errors in information production lead to lost information;

(4) large volumes of stored information make it difficult to access information in a
reasonable time;

(5) distributed heterogeneous systems lead to inconsistent definitions, formats and
values;

(6) nonnumeric information is difficult to index;

(7) automated content analysis across information collections is not yet available;

(8) easy access to information may conflict with requirements for security, privacy
and confidentiality; and

(9) lack of sufficient computing resources limits access.

In general, two types of information sources can be considered; subjective and objective.
Subjective sources, such as human observers, intelligence agents, experts and decision
makers. Information of that source is normally subjective beliefs, hypotheses and
opinions about what they see or learn. Therefore, the quality of this data defers from one
person to other.
On the other hand, the quality of objective information sources, such as sensors,

models, automated processes, is free from biases inherent to human judgment but is
dependent on how well the sensors are calibrated and how adequate the models are
(Rogova and Bosse, 2010).
In a previous study and from maintenance point of view, we found that about

80 percent of the identified data quality problems are related to subjective sources
(Aljumaili et al., 2011).

5. Methodology
The motivation to undertake this study was based upon the observed data quality
problems found in our previous research (Aljumaili et al., 2011, 2012a, b). In order to
accomplish this study, the work was divided into three parts. First, a literature study
was completed to explore eMaintenance ontologies in different areas, i.e. condition-
based monitoring (CBM), product life cycle management, maintenance data
management, data exchange, etc. In the second part of the study, the maintenance
data production process was divided into different stages in order to identify the best
fitting ontology to each stage. In this process, data were considered as an assets. When
we treat data as an assets, data quality control is easier to achieve. As a final step,
relationships were investigated between eMaintenance ontologies and the different
stages of the identified process to produce high-quality data.
The selection of ontologies included in the study is based on the following criteria:

(1) standards used in the operation and maintenance (O&M) initiatives such as
open O&M framework that consists of standards for the exchange of O&M data
and associated context (MIMOSA, instrumentation, systems and automation
society (ISA), OPC, etc.);
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(2) standards used in condition-based maintenance (CBC) to transfer real-time data
to CMMS database and other systems;

(3) standards used;

(4) standards developed by World Wide Web Consortium (W3C) group to suggest
solutions where Extensible Markup Language (XML)-based data exchange
could be made efficient under any conditions; and

(5) other standards used in different industries such as aviation, data management
organizations, etc.

5.1 eMaintenance ontologies
The term ontology refers to a philosophical discipline, namely the branch of philosophy
which deals with the nature and structure of reality. Therefore, ontology focusses on
the nature and structure of things independently of their actual existence. In computer
science, ontology is referred to as a special kind of information object or computational
artefact (Staab and Studer, 2010). Ontology provides a shared and reusable piece
of knowledge about a specific domain, and has been applied in many fields, such as
Semantic Web, e-commerce and information retrieval (Li et al., 2005). Ontologies
constitute a formal conceptualization of particular domain of interest that is shared
by a group of people (Maedche and Staab, 2004). Ontology provides a sound
semantic ground of machine-understandable description of digital content (Zhou,
2007). In eMaintenance solutions, the design of integration architecture mechanism
defines the structure of the data elements and the relation between these elements,
i.e. eMaintenance ontologies. In manufacturing, it is necessary to share technical
and business information seamlessly throughout the whole enterprise (Ray and
Jones, 2006), which can be achieved using eMaintenance ontologies. eMaintenance
ontologies are represented by the published standards that can be used to support
maintenance. These standards offer some stability by proposing information models
for data representation, an essential property for long-term data exchange and archiving
(Cutting-Decelle et al., 2004).
In the following sections, a review has been conducted in order to explore ontologies

that are related to eMaintenance solutions.
5.1.1 OPC UA. OPC is about open productivity and connectivity in industrial

automation and enterprise systems. OPC supports industry by assuring interoperability
through the creation and modification of the available open standards specifications
(Standard, OPC Data Access Automation Interface, 1999).
OPC is known as the worldwide industrial standard based on Microsoft’s Distributed

Component Object Model in recent years. Not only capable of connectivity among
automation components with control hardware and field devices, it also provides the
interoperability of office products and information system on the company level such
as enterprise resource planning (ERP) and Manufacturing Execution System (MES)
(Son and Yi, 2010).
The OPC UA specifications are (Hadlich, 2006): data access (DA), commands, alarm

and event (A&E), historical data access (HDA) and batch specification (Figure 2).
5.1.2 Machinery information management open systems alliance (MIMOSA).

MIMOSA is part of the open O&M initiative. The purpose of the initiative is to
encourage usage of open information standards when implementing systems for O&M
in the manufacturing, fleet and facility environments. MIMOSA provides metadata
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reference libraries and a series of information exchange standards using XML and SQL
(Figure 3). The main publications of MIMOSA are the open system architecture for
CBM (OSA-CBM) and OSA for enterprise application integration (OSA-EAI)
specifications (Shroff et al., 2011).
MIMOSA OSA-EAI is poised as a standard interface for operations and maintenance

data with the support of XML Schema for the transmission of raw measurement data
(Mathew et al., 2006). MIMOSA’s OSA-EAI system specifications offer advantages
for maintenance and reliability users as well as technology developers and suppliers
(Shroff et al., 2011).

OPC Data Access
Automation Interface

OPC Overview

OPC Batch
Custom Interface

OPC Batch
Automation Interface

OPC Data Xchange
Custom Interface

OPC Data Access
Custom Interface

OPC Historical Data Accass
Custom Interface

OPC Historical Data Accass
Automation Interface

OPC Security Custom Interface

OPC Alarm and Events
Custom Interface

OPC Alarm and Events
Automation Interface

OPC Complex Data OPC XML DA

Source: Son and Yi (2010)

OPC Common Definitions OPC Common Definitions

Figure 2.
OPC standards

overview

Tech-CDE-Services
for SOAP Tech-CDE
Clients and Servers

 Tech-CDE
Clients and Servers
XML Stream or File

 Tech-CDE Aggregate
CRIS XML Transaction

Clients and Server
Schema

 Tech-XML
Clients and Servers
XML Stream or File

Tech-XML-Services
for SOAP Tech-XML
Clients and Servers

Tech-XML-Web for
HTTP Tech-XML

Clients and Servers

Tech-Doc
Producer and Consumer

XML Stream or File

Tech-Doc CRIS
XML Document Schema

Tech-XML Atomic
CRIS XML Transaction

Client and Server Schema

CRIS Reference Data Library

OSA-EMI Terminology Dictionary

Common Relational Information Schema (CRIS)

OSA-EAI Comman Conceptual Object Model (CCOM)

Compliant SOA
Application Definitions

Compliant Application
Service Definitions

XML Content Definitions

MetaData Taxonomy

Implementation Model

Conceptual Model

Semantic Definitions

Source: Kiritsis (2011)

Figure 3.
OSA-EAI

architecture
overview

363

eMaintenance
ontologies



The OSA-CBM specification defines architecture for moving information in a CBM
system (Lebold et al., 2002). The OSA-CBM standard has been defined as an
implementation of ISO-13374, by the OSA-CBM development group through the Dual
Use Science Technology program in 2001 (Hong and Jianhua, 2004).

5.1.3 Product life cycle support (PLCS). PLCS, also known as ISO 10303 AP 239, is an
international standard that extends the ISO 10303 STEP standard (the standard for
exchange of product model data) from the design and manufacturing domains into the
product support domain.
The PLCS standard specifies an information model used for the exchange of assured

product and support information throughout the entire product life cycle from concept
to disposal. The standard, which is produced by a joint industry and government
initiative known as PLCS Inc., is primary designed to handle the information needed
and created during the use and maintenance of complex products whose configuration
changes over its life cycle (Figure 4). It is therefore an enabler of product lifecycle
management (PLM), which is a concept promoted by IT industry analysts and leading
software vendors (Spiby, 2011).

5.1.4 ISA-95. The ISA have standardized the enterprise and control system
integration in its standard series 95. ISA-95 consists of models and terminology. These
can be used to determine which information has to be exchanged between systems for
sales, finance and logistics and systems for production, maintenance and quality. This
information is structured in UML models, which are the basis for the development of
standard interfaces between ERP and MES systems (Scholten, 2007).

5.1.5 XML. An XML Schema is a language for expressing constraints about
XML documents. XML Schemas express shared vocabularies and allow machines
to carry out rules made by people. They provide the means for defining the structure,
content and semantics of XML documents. A Schema can be used to (Wyke and
Watt, 2002):

(1) provide a list of elements and attributes in a vocabulary;

(2) associate types, such as integer, string, etc., with values found in documents;
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(3) constrain where elements and attributes can appear, and what can appear
inside those elements, to provide documentation that is easy to be read by
human and processed by machine; and

(4) give a formal description of one or more documents.

5.1.6 STEP. The international standard ISO 10303, informally known as STEP is
a family of standards defining a robust and time-tested method for describing product
data throughout the life cycle of a product (Peak et al., 2004).
The STEP standard is designed to allow different manufacturing applications

to share product data (Hardwick et al., 1996). Therefore, STEP is widely used
in computer-aided design (CAD) and PDM/PLM systems (Peak et al., 2004). STEP
also is becoming increasingly recognized by industry as an effective means
of exchanging product-related data between different CAD systems (Pratt and
Anderson, 2001).

5.1.7 Common object request broker architecture (CORBA). CORBA specification
specifies interfaces that allow seamless interoperability among clients and servers
under the object-oriented paradigm (Pyarali and Schmidt, 1998). It was designed
by object management group (OMG) to support the development of flexible and
reusable distributed services and applications by separating interfaces from
object implementations and automating many common network programming
tasks (Harrison et al., 1997).
The CORBA messaging specification is one of the most solid specifications

considered for adoption by the OMG. It adds asynchronous messaging, time
independent invocation, and facilities for specifying messaging quality of service
to CORBA in a way that meshes well with existing CORBA features (Vinoski, 1998).

5.1.8 Open Applications Group Inc. (OAGIS). The OAGI has developed the largest
set of business messages and integration scenarios for EAI and business-to-business
integration (Dubray, 2001). OAGIS (OAGI integration specification) standard aims to
achieve interoperability between disparate enterprise business systems by
standardizing the architecture of the messages they exchange. These template-based
messages, called business object documents, are defined in XML and exchanged
between software applications and/or databases (Fiorentini and Rachuri, 2009).

5.1.9 Devices profile for web services (DPWS). DPWS is an open networking
standard that enables industry partners to confidently invest in WS for devices.
DPWS enables network connected devices to use industry standards-based WS
mechanisms. Therefore, it is a common WS middleware and profile for devices,
which defines two fundamental elements: the device and its hosted services
(Cândido et al., 2010). Therefore, it represents a relatively new specification based
on WS that can be used as a cross-domain distributed system technology (Bobek
et al., 2008).
DPWS defines the minimal WS’s implementation requirements for secure message

exchange, dynamic discovery and description. In addition, it allows the implementation
of devices and applications that combine several devices as service-oriented
architecture (SOA) (Bobek et al., 2008).

5.1.10 S1000D and S4000M. S1000D and S4000M are open international standards-
based specification for the production of technical documentation. The current issue of
the specification has been jointly produced by the Aerospace and Defense Industries
Association of Europe, the Aerospace Industries Association of America and Defence
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Industries Association of Europe, and the ATA eBusiness Program. It provides a set of
benefits such as common architecture and data model and data interoperability and
integration in a global environment (Carlson, 2010; Rushing, 2006).
The S4000M International specification is designed for developing scheduled

maintenance programs and it was based on the S1000D. The specification adopts ISO,
Computer-Aided Acquisition and Life-Cycle Support and W3C standards to promote
document standardization in which information is generated in a neutral format. Their
function is to specify how technical information is scoped, authored, managed and
processed for presentation on screen, on paper or both. The basic unit of content in
S1000D is the data module (DM). A DM is a discrete piece of information that is stored
and managed within a common source database. DMs include a number of different
types of technical information such as descriptive information, maintenance planning
information and fault diagnostic information (Katz et al., 2006).

5.1.11 SOA. SOA is a design framework for construction of information systems
by combination of service. A service is a program unit which can be called by
standardized procedures, and can independently execute assigned function. Each
service is executed on hetero-environment, different hardware, OS and programming
language (Komoda, 2006).
Therefore, SOA is a platform independent to use standardized data format for

information interchange, allows service aggregation and uses service’s interfaces that
hide the underlying complexity of the system (Barata et al., 2007). Using SOA enables
the published service to be discovered and adopted as a service component to construct
new software systems, which can also be published and delivered as new services
(Laplante et al., 2008).
SOA has many benefits to eMaintenace and operations such as: a system can be

easily modified by replacement of services, rapid and low-cost system development
by combination of services, the system quality can be enhanced, and fault isolation is
easy (Komoda, 2006).

5.1.12 Supervisory control and data acquisition (SCADA). SCADA refers to a
system that collects data from various sensors at factories, plants or in other remote
locations and controls equipment over the SCADA networks. Nowadays, the SCADA
systems increasingly use standard protocols (Choi et al., 2009). It focusses on the
supervisory level, as a purely software package that is positioned on top of hardware,
to which it is interfaced, in general via programmable logic controllers (PLC) (Daneels
and Salter, 1999).
A SCADA system usually consists of a number of different devices communicating

with each other, such as Master Terminal Unit, Human Machine Interface and Remote
Terminal Unit. SCADA protocols have evolved from closed proprietary systems to
an open system, allowing designers to choose equipment that can help them monitor
their unique system using equipment from variety of vendors. In addition, SCADA
systems are widely used to monitor and control critical infrastructure utilities (Dawson
et al., 2006).

5.1.13 Air Transport Association (ATA) Spec 2200. ATA is at the initiative of
standards publications related to engineering, maintenance, materials management and
flight operations. ATA Spec 2200 provides aircraft maintenance standards for Aircraft
Maintenance Manual (AMM). AMM gathers procedures and technical interventions that
can be performed on an aircraft, i.e. maintenance tasks (Li et al., 2013). Therefore, it can
be considered as an important standard in the area of aviation.
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5.1.14 Data acquisition from industrial systems (DAIS) and HDAIS. DAIS issued by
the OMG Inc. is intended for online data transfer. The OMG DAIS specification is based
on the OPC specifications DA and A&E. HDAIS is an extension of DAIS based on OPC
HDA is intended for HDA from industrial systems. Therefore, DAIS specification
describes an interface for DA and A&E from industrial control systems while HDAIS
extends these interfaces with access to historical data (Specification, 2006).

5.2 Maintenance data production
Adequate data are extremely important to develop models for supporting the decision-
making process. Performance measurement gives the status of the variable, compares the
data with real world values or standard data and points out what actions should be
taken. The characteristics of performance measures include relevance, interpretability,
timeliness, reliability and validity (Parida and Kumar, 2006). These attributes also
represent the data quality dimensions that can be measured in order to support decision
making process. Some of the important factors behind demands on maintenance
performance measures are to focus on knowledge management. Many companies
especially those involved in delivery of maintenance and product support services are
focussed on effective management of knowledge in their companies. Furthermore,
technology is ever changing and is changing faster in the new millennium. This has
brought in new sensors and embedded technology, ICT and condition-based inspection
technology (Parida and Kumar, 2006). The condition-based monitoring program in the
other hand is to handle data and information in maintenance. This program consists of
three key steps; data acquisition, data processing and maintenance decision making
( Jardine et al., 2006). This process includes data acquisition and processing before
making a decision. Data acquisition is a process of collecting and storing useful data from
targeted physical assets for the purpose of CBM.
Condition monitoring data are the measurements related to the health condition/

state of the physical asset. It can be vibration data, acoustic data, oil analysis data,
temperature, pressure, moisture, humidity, weather or environment data, etc. Various
sensors, such as micro-sensors, ultrasonic sensors, acoustic emission sensors, etc., have
been designed to collect different types of data. Wireless technologies, such as
Bluetooth, near field communication and radio-frequency identification (RFID) have
provided alternative solutions to cost-effective data communication. Maintenance
information systems, such as CMMS and ERP systems have been developed for data
storage and handling ( Jardine et al., 2006).
However, this process can be extended to add other fundamental aspects which need

to be considered. By considering data as assets, other stages were added to describe
other fundamental aspects. This process describes maintenance data production. After
the additions of these stages, the important steps include producing data in the area of
maintenance. Maintenance data production includes the following phases: data
collection, data transition, compilation, analysis, visualization and contextualization.
These phases can be summarized as follows:

(1) Data collection: for obtaining the relevant data and managing its content. This
data can be collected from different sources. These sources may be sensors,
RFID tags, people, etc.

(2) Data transition: where the collected data need to be transferred without
affecting its content. Data are transferred from source location to data
management system.
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(3) Data fusion: to combine data from different sources in one data warehouse
using methods that insures its quality.

(4) Data analysis: to analyze data and extract information and knowledge for
decision making support.

(5) Visualization: to visualize the information for the intended user or decision
maker. The visualization could be statistical or reports.

(6) Contextualization: to put the visualized information into the needed context so it
becomes meaningful and understandable in the right context.

As part of this study, the link between eMaintenance ontologies application area and
the maintenance data production process was investigated. Figure 5 below summarizes
these phases necessary for data production.

6. Results and discussions
This study summarizes the available ontologies for eMaintenance used to enhance
maintenance data quality. When accomplishing the study, we have noticed that
eMaintenance solutions are widely used and provide support to the different industry
and business areas.
From this study, it was clear that ontologies used in eMaintenance focus mainly on

data representation and data exchange between different systems. Different ontologies
can be used during the process of data production phases from data collection to data
visualization and contextualization. Table I summarizes the identified ontologies in this
study and how they are contributing to eMaintenance solutions.
When applying eMaintenance ontologies to the maintenance data production

process, the wide range of available ontologies makes it difficult to decide which
ontology that is best suited for each stage in the data production process. In this paper,
an attempt to find the relation between the ontologies and the area that ontologies
should be used in has been done. But by applying ontologies to eMaintenance solutions
according to the areas described in Table I, we can assure high-quality data that result
in adequate and effective decision making.

Data collection

Data Transition

Data Fusion 

Data Analysis
Visualization

Sources: Aljumaili et al. (2012a); based on Jardine et al. (2006)

Figure 5.
Maintenance data
production process
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Ontology Description eMaintenance scope
Data production
phase

OPC UA OPC is designed for open
productivity and connectivity in
industrial automation and
enterprise systems that support
industry

Software and information
interoperability between
systems

Data fusion, data
visualization and
contextualization
phases

MIMOSA MIMOSA provides metadata
reference libraries and a series of
information exchange standards
using XML and SQL

Measurement and condition-
based maintenance data transfer

Data collection and
data transfer phases

PLCS PLCS (product life cycle support)
specifies an information model
used for the exchange of assured
product and support information
throughout the entire product life
cycle from concept to disposal

Product management and
maintenance, suitable to
complex products and large
companies

Data collection and
data analysis phases

ISA-95 ISA-95 is the international
standard for the integration of
enterprise and control systems.
ISA-95 consists of models and
terminology to determine which
information has to be exchanged
between systems for maintenance
and quality

Maintenance data transfer and
management

Data transfer, data
fusion and analysis
phases

XML XML is a simple text-based format
for representing structured
information: documents, data,
configuration, books, transactions,
invoices and much more

Maintenance data
representation, visualization,
standardization and exchange

Data transfer, data
visualization and
contextualization

STEP STEP is a family of standards
defining a robust and time-tested
method for describing product
data throughout the life cycle of a
product

Product life cycle management
and enterprise product
management

Data collection
phase

CORBA CORBA specifies interfaces that
allow seamless interoperability
among clients and servers under
the object-oriented paradigm
(Pyarali and Schmidt, 1998)

Services and Applications
interoperability, eMaintenance
support

Data transfer and
fusion phases

OAGIS OAGIS standard aims to achieve
interoperability between disparate
enterprise business systems by
standardizing the architecture of
the messages they exchange

Data standardization to be
exchanged between systems and
databases

Data transfer phase

DPWS DPWS is a common web services
middleware and profile for
devices, which defines two
fundamental elements: the device
and its hosted services

Devices information exchange
through web services, asset
management

Data collection and
transfer phases

(continued )

Table I.
eMaintenance
ontologies
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7. Conclusions
Interoperability and data quality are crucial for both maintenance and operations.
eMaintenance ontologies are critical for achieving higher levels of organizational
interoperability required for an effective decision making. In order to increase the
economic benefit and enhance decision making, the use of eMaintenance tools should
be adapted with more effective use. Standards, models and services as eMaintenance
ontologies reviewed in this paper are offering a sustainable support for this objective.
From our study, we can conclude the following:

(1) All reviewed standards and services provide important support to construct a
unified maintenance and operations in the discussed data production steps, and
to enhance integration among systems of different environment to achieve
integrity that helps in producing high-quality data.

(2) The data production process provides a clear view to the steps that can be
followed in order to produce high-quality data after using ontologies.

Ontology Description eMaintenance scope
Data production
phase

S1000D,
S4000M

It is an international specification
for the procurement and
production of technical
publications. The S1000D
provides ontology for the content
of technical publications and a
content model, based on XML
schema

Technical content management,
mainly for aviation support and
maintenance planning

Data analysis and
visualization phases

SOA SOA represents a design
framework for construction of
information systems by
combination of service. A service
is a program unit, which can be
called by standardized
procedures, and can
independently execute assigned
function

Standardized framework for
information and service
interchange using web services
and standards

Data collection,
transfer, analysis
and visualization
phases

SCADA It refers to a system that collects
data from various sensors at
factories, plants or in other remote
locations and controls equipment
over the SCADA networks

Data collection, equipment
control, asset management, life
cycle support

Data collection and
analysis phases

ATA
iSpec
2200

Is a global aviation industry
standard for the content, structure
and electronic exchange of aircraft
engineering and maintenance
information. It consists of a suite
of data specifications pertaining to
maintenance requirements and
procedures and aircraft
configuration control

Aviation industry, information
exchange, maintenance support,
maintenance planning

Data collection, data
transfer and data
analysis phases

DAIS,
HDAIS

Data acquisition from industrial
systems issued by the OMG is
intended for online data transfer

Data acquisition and data
transfer

Data collection and
data transfer phases

Table I.
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(3) The study helps to provide literature review that has been carried out and can
be used as a reference when a standard applied in the maintenance area.

(4) There are challenges related to adaptation of the available eMaintenance
ontologies. Some of them are represented by high cost and time-consumption
that prevent some companies from utilizing these ontologies. Another challenge
could be the lack of knowledge and expertise in enterprises and organizations
that may result in ineffective use or absence of these tools. Finally, the wide
range of available ontologies makes it difficult to decide which ontology that is
best suited for every industrial enterprise.

References

Aljumaili, M., Wandt, K. and Karim, R. (2012a), “eMaintenance ontologies and data production”,
Proceedings of eMaintenance, Luleå, December 12-14.

Aljumaili, M., Rauhala, V., Tretten, P. and Karim, R. (2011), “Data quality in eMaintenance: a call
for research”, International Conference on Maintenance Performance Measurement &
Management, MPM², Luleå, December 2011.

Aljumaili, M., Tretten, P., Karim, R. and Kumar, U. (2012b), “Study of aspects of data quality in
e-maintenance”, International Journal of Condition Monitoring and Diagnostic Engineering
Management, Vol. 15 No. 4, pp. 3-14.

Allen, R.H. and Sriram, R.D. (2000), “The role of standards in innovation”, Technological
Forecasting and Social Change, Vol. 64 No. 2, pp. 171-181.

Arazy, O. and Kopak, R. (2011), “On the measurability of information quality”, Journal of the
American Society for Information Science and Technology, Vol. 62 No. 1, pp. 89-99.

Barata, J., Ribeiro, L. and Colombo, A. (2007), “Diagnosis using service oriented architectures
(SOA)”, 5th IEEE International Conference on Industrial Informatics, Vienna, June 23-27.

Blake, R. and Mangiameli, P. (2011), “The effects and interactions of data quality and problem
complexity on classification”, Journal of Data and Information Quality ( JDIQ), Vol. 2 No. 2,
pp. 8:1-8:28.

Bobek, A., Zeeb, E., Bohn, H., Golatowski, F. and Timmermann, D. (2008), “Device and service
templates for the devices profile for web services”, 6th IEEE International Conference on
Industrial Informatics (INDIN), Daejeon, July 13-16.

Cândido, G., Jammes, F., De Oliveira, J.B. and Colombo, A.W. (2010), “SOA at device level in the
industrial domain: assessment of OPC UA and DPWS specifications”, 8th IEEE
International Conference on Industrial Informatics (INDIN), Osaka, July 13-16.

Carlson, P. (2010), AIA, ASD Sign MOU on ILS Specifications, Aerospace Industries Association,
available at: www.aia-aerospace.org/research_reports/aia_eupdate/august_2010_eupdate/
aia_asd_sign_mou_on_ils_specifications/

Choi, D., Kim, H., Won, D. and Kim, S. (2009), “Advanced key-management architecture for
secure SCADA communications”, Power Delivery, IEEE Transactions on, Vol. 24 No. 3,
pp. 1154-1163.

Cutting-Decelle, A.F., Pouchard, L., Das, B., Young, R. and Michel, J. (2004), “Utilising standards
based approaches to information sharing and interoperability in manufacturing decision
support”, International Conference FAIM04, Toronto.

Daneels, A. and Salter, W. (1999), “What is SCADA”, International Conference on Accelerator and
Large Experimental Physics Control Systems, Trieste.

371

eMaintenance
ontologies



Dawson, R., Boyd, C., Dawson, E. and Nieto, J.M.G. (2006), “SKMA: a key management
architecture for SCADA systems”, Proceedings of the 2006 Australasian Workshops on
Grid Computing and E-research-Volume 54, Darlinghurst.

Dubray, J. (2001), “OAGIS implementation using the ebXML CPP, CPA and BPSS specifications
v1. 0”, Open Applications Group, available at: www.Openapplications.Org/ (accessed
August 2, 2015).

Fiorentini, X. and Rachuri, S. (2009), “STEP-OAGIS harmonization joint working group”,
available at: www.oagi.org/oagi/downloads/ResourceDownloads/2009_OAGIS_STEP_
Final.pdf

Geraci, A., Katki, F., Mcmonegal, L., Meyer, B., Lane, J., Wilson, P., Radatz, J., Yee, M., Porteous, H.
and Springsteel, F. (1991), IEEE Standard Computer Dictionary: Compilation of IEEE
Standard Computer Glossaries, IEEE Press, IEEE Std 610.

Gorla, N., Somers, T.M. and Wong, B. (2010), “Organizational impact of system quality,
information quality, and service quality”, The Journal of Strategic Information Systems,
Vol. 19 No. 3, pp. 207-228.

Hadlich, T. (2006), “Providing device integration with OPC UA”, IEEE International Conference
on Industrial Informatics.

Hardwick, M., Spooner, D.L., Rando, T. and Morris, K. (1996), “Sharing manufacturing
information in virtual enterprises”, Communications of the ACM, Vol. 39 No. 2, pp. 46-54.

Harrison, T.H., Levine, D.L. and Schmidt, D.C. (1997), “The design and performance of a real-time
CORBA event service”, ACM SIGPLAN Notices, Vol. 32 No. 10, pp. 184-200.

Hong, X. and Jianhua, W. (2004), “An extendable data engine based on OPC specification”,
Computer Standards & Interfaces, Vol. 26 No. 6, pp. 515-525.

Jardine, A.K.S., Lin, D. and Banjevic, D. (2006), “A review on machinery diagnostics and
prognostics implementing condition-based maintenance”, Mechanical Systems and Signal
Processing, Vol. 20 No. 7, pp. 1483-1510.

Kajko-Mattsson, M., Karim, R. and Mirijamdotter, A. (2010), “Fundamentals of the eMaintenance
concept”, 1st International Workshop and Congress on eMainteance, Luleå, June 22-24.

Kajko-Mattsson, M., Karim, R. and Mirijamdotter, A. (2011), “Essential components of
e-maintenance”, International Journal of Performability Engineering, Vol. 7 No. 6, pp. 555-571.

Karim, R. (2008), A Service-Oriented Approach to e-Maintenance of Complex Technical Systems,
Division of Operation and Maintenance Engineering, Luleå University of Technology,
doctoral thesis, Luleå.

Karim, R., Kajko-Mattsson, M. and Söderholm, P. (2008), “Exploiting SOA within emaintenance”,
Proceedings of the 2nd International Workshop on Systems Development in SOA
Environments.

Katz, H.A., Macdonald, J., Worsham, S. and Haslam, P. (2006), “S1000D/SCORM redundancy
analysis and conversion guidelines: final report”, Intelligent Decision Systems Inc.,
Centreville, VA August, Vol. 16, pp. 2006.

Kiritsis, D. (2011), “Closed-loop PLM for intelligent products in the era of the internet of things”,
Computer-Aided Design, Vol. 43 No. 5, pp. 479-501.

Komoda, N. (2006), “Service oriented architecture (SOA) in industrial systems”, IEEE
International Conference on Industrial Informatics, Singapore, August 16-18.

Kumar, U. (2010), “Special issue on eMaintenance solutions and technologies guest editorial”,
International Journal of Systems Assurance Engineering and Management, Vol. 1 No. 3,
pp. 187-188.

372

JQME
21,3



Laplante, P.A., Zhang, J. and Voas, J. (2008), “Distinguishing between software oriented
architecture and software as a service: what’s in a name?”, IEEE IT Professional, Vol. 10
No. 3, pp. 46-50.

Lebold, M., Reichard, K., Byington, C.S. and Orsagh, R. (2002), “OSA-CBM architecture
development with emphasis on XML implementations”, May, Proceedings of the
Maintenance and Reliability Conference (MARCON 2002), Knoxville, TN, May, 2002.

Leitheiser, R.L. (2001), “Data quality in health care data warehouse environments”, Proceedings of
the 34th Annual Hawaii International Conference on System Sciences,Maui, HI, January 6.

Levitin, A.V. (1998), “Data as a resource: properties, implications, and prescriptions”, Sloan
Management Review, Vol. 40 No. 1, pp. 89-101.

Li, M., Du, X. andWang, S. (2005). Learning ontology from relational database”, Proceedings of 2005
International Conference on Machine Learning and Cybernetics, Guangzhou, August 18-21.

Li, Y., Cao, H. and Zhu, Y. (2013), “Study on nonlinear stiffness of rolling ball bearing under
varied operating conditions”, IEEE International Symposium on Assembly and
Manufacturing (ISAM), Xi’an, July 30 2013-August 2 2013.

Lim, D. and Klobas, J. (2000), “Knowledge management in small enterprises”, Electronic Library,
the, Vol. 18 No. 6, pp. 420-433.

Maedche, A. and Staab, S. (2004), Ontology Learning, Springer Berlin Heidelberg, doi:10.1007/978-
3-540-24750-0_9.

Mathew, A., Zhang, L., Zhang, S. and Ma, L. (2006), “A review of the MIMOSA OSA-EAI database
for condition monitoring systems”, Engineering Asset Management, Springer, pp. 837-846.

Muller, A., Crespo Marquez, A. and Iung, B. (2008), “On the concept of e-maintenance: review and
current research”, Reliability Engineering & System Safety, Vol. 93 No. 8, pp. 1165-1187.

Murphy, E. (2007), “OPC enables interoperability”,Hydrocarbon Processing, Vol. 86 No. 3, pp. 51-52 .
Parida, A. and Kumar, U. (2006), “Maintenance performance measurement (MPM): issues and

challenges”, Journal of Quality in Maintenance Engineering, Vol. 12 No. 3, pp. 239-251.

Peak, R.S., Lubell, J., Srinivasan, V. and Waterbury, S.C. (2004), “STEP, XML, and UML:
complementary technologies”, Journal of Computing and Information Science in
Engineering, Vol. 4 No. 4, pp. 379-390.

Pratt, M.J. and Anderson, B.D. (2001), “A shape modelling applications programming interface
for the STEP standard”, Computer-Aided Design, Vol. 33 No. 7, pp. 531-543.

Pyarali, I. and Schmidt, D.C. (1998), “An overview of the CORBA portable object adapter”,
StandardView, Vol. 6 No. 1, pp. 30-43.

Ray, S.R. and Jones, A. (2006), “Manufacturing interoperability”, Journal of Intelligent
Manufacturing, Vol. 17 No. 6, pp. 681-688.

Rogova, G.L. and Bosse, E. (2010), “Information quality in information fusion”, 13th Conference
on Information Fusion (FUSION), Edinburgh, July 26-29.

Rushing, S. (2006), “A Uniform Resource Name (URN) namespace for Aerospace and Defence
Industries Association of Europe (ASD) Specification 1000D”, doi:https://dx.doi.org/
10.17487/RFC4688.

Scholten, B. (2007), The Road to Integration: A Guide to Applying the ISA-95 Standard in
Manufacturing, ISA, ISBN 0979234387, 9780979234385.

Shroff, M., Keskinen, J., Norrback, O., Junnila, S., Takaluoma, J. and Tuominen, P. (2011), Mimosa
and OPC UA applied in Wapice Remote Management System, Automaatio XIX Seminar,
Vol. 3.

Siegel, J. (1998), “OMG overview: CORBA and the OMA in enterprise computing”,
Communications of the ACM, Vol. 41 No. 10, pp. 37-43.

373

eMaintenance
ontologies



Son, M. and Yi, M. (2010), “A study on OPC specifications: perspective and challenges”,
2010 International Forum on Strategic Technology (IFOST), Ulsan, October 13-15.

Specification, O.I. (2006), “Object management group”, Needham, MA, Vol. 2 No. 2, pp. 1-23.
Spiby, P. (2011), “A new approach to PLCS Web Services”, available at: www.oasis-open.org/

committees/download.php/41471/plcs%20ws%20report%20v009.pdf
Staab, S. and Studer, R. (2010), Handbook on Ontologies, Springer, 2013, ISBN 3540247505,

9783540247500.
Standard, OPC Data Access Automation Interface (1999), Version 2.02. OPC Foundation.
Strong, D.M., Lee, Y.W. and Wang, R.Y. (1997a), “10 potholes in the road to information quality”,

Computer, Vol. 30 No. 8, pp. 38-46.
Strong, D.M., Lee, Y.W. and Wang, R.Y. (1997b), “Data quality in context”, Communications of

the ACM, Vol. 40 No. 5, pp. 103-110.
Wandt, K., Karim, R. and Galar, D. (2012), “Context adapted prognostics and diagnostics”,

International Conference on Condition Monitoring and Machinery Failure Prevention
Technologies, London, June 12-14.

Vinoski, S. (1998), “New features for CORBA 3.0”, Communications of the ACM, Vol. 41 No. 10,
pp. 44-52.

Wyke, R.A. and Watt, A. (2002), XML Schema Essentials, Vol. 5, John Wiley & Sons.
Zhou, L. (2007), “Ontology learning: state of the art and open issues”, Information Technology and

Management, Vol. 8 No. 3, pp. 241-252.

Corresponding author
Mustafa Aljumaili can be contacted at: mustafa.aljumaili@ltu.se

For instructions on how to order reprints of this article, please visit our website:
www.emeraldgrouppublishing.com/licensing/reprints.htm
Or contact us for further details: permissions@emeraldinsight.com

374

JQME
21,3









ORIGINAL ARTICLE

Assessment of railway frequency converter performance and data
quality using the IEEE 762 Standard

Mustafa Aljumaili • Yasser A. Mahmood •

Ramin Karim

Received: 23 October 2013 / Revised: 16 December 2013 / Published online: 7 January 2014

� The Society for Reliability Engineering, Quality and Operations Management (SREQOM), India and The Division of Operation and

Maintenance, Lulea University of Technology, Sweden 2014

Abstract Reliability, availability and maintainability

analysis is one of the most important tools for measuring

system performance. The performance of a traction power

supply system (TPSS) can be measured using the data

collected from frequency converters, as these converters

constitute the main part of the TPSS. The quality of the

collected data should be good enough to provide the correct

and complete information necessary for assessment of

frequency converter performance. Many methods can be

used to assess the performance of converters such as neural

networks, fuzzy logic and standards. The IEEE 762 Stan-

dard offers a methodology that can provide key perfor-

mance indicators for power generation units. This standard

has been chosen for its widespread acceptance and appli-

cability. To be able to evaluate a converter’s performance,

IEEE 762 indexes should be calculated using data such as

the downtime, reserve shutdown hours and service hours.

Therefore, the purpose of this study is to assess the per-

formance of the Swedish TPSS frequency converters using

IEEE 762, and to assess the quality of data by inspecting

their compatibility with this standard. In this study, an

application has been developed to generate the missing

information and to calculate the indexes provided by the

standard, in order to evaluate the power converters’

performance. A case with sample data is also discussed in

this paper.

Keywords IEEE 762 � Reliability � Availability �
Indexes � Frequency converter � Data quality

1 Introduction

The increased focus on generating unit performance in a

competitive marketplace has caused regulatory agencies

and industry to put a greater emphasis on availability

performance measures (Niska 2008; Donaldson et al.

2007). Measuring the performance of frequency converters

is important for planning (e.g. for future installations),

drawing up operation schedules, and the smart distribution

of traction power, among other reasons. The frequency

converter in the traction power supply system (TPSS)

provides traction power for the electrified railway. The

main function of the frequency converter is to convert the

electrical energy from the 3-phase, 50 Hz public grid to

electrical energy for the 1-phase, 16.7 Hz traction grid. The

converters in the TPSS work like power generators in

power systems, and therefore, standards for power gener-

ators like IEEE 762, which focuses on reliability and

availability, can be applied.

Reliability, availability and maintainability (RAM) are

the most important aspects to be taken into consideration

during the design and operation of these converters. The

reliability of the TPSS frequency converter can be defined

as its ability to provide an adequate supply of electrical

power without causing safety hazards, time delays or

public nuisance (Sagareli 2004). Before a reliability study

is initiated, the decision maker should clarify the decision
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problem, and then the objectives. The boundary conditions

and limitations for the study should be specified in such a

way that the relevant information needed as an input to the

decision making process is at hand, in the right format and

on time. In general, the reliability and availability analysis

can be performed based on the operational and mainte-

nance data (Ekstrom 1995).

To perform prognostics or diagnostics on a specific

converter, a number of different data types (e.g. fault

reporting data, product data and operation data) are nec-

essary, and these can be provided through eMaintenance

solutions (Wandt et al. 2012). IEEE 762 provides a meth-

odology for the interpretation of electric generating unit

performance data coming from various systems and facil-

itates comparisons among different systems (Curley 2006).

The standard also helps to standardize terminology and

indexes for reporting electric generating units’ perfor-

mance measures (e.g. measures related to reliability,

availability and productivity). This contributes a stan-

dardized methodology which creates a high impact through

increasing the quality of data and supporting decision

makers. Therefore, this standard is required for the for-

malisation of methodologies and procedures for unit per-

formance data collection (IEEE 2006; Curley 2006).

However, there are also some challenges to be overcome

when applying the existing standards to any type of power

unit directly. These challenges concern the historical data

for the power unit in question, for example historical data

on the unit states, the time spent in each state, and the

power capacity.

Therefore, the purpose of this paper is to assess the data

on the converters in the Swedish TPSS by inspecting their

compatibility with IEEE 762. The IEEE 762 indexes have

been calculated in order to assess the performance of the

frequency converters. To be able to calculate these indexes,

a method for generation of missing information by com-

paring the recorded data from two different databases has

been suggested. An application has been developed to

generate this data and calculate the IEEE 762 indexes.

This paper is organized as follows: in Sect. 2, we present

the state of the art, the importance of performance mea-

surement and the data collection process. In Sect. 3, the

IEEE 762 Standard will be presented. In Sect. 4, the con-

verters unit state will be discussed. The research method-

ology is presented in Sect. 5. Finally, the results and

conclusions will be presented in Sects. 6 and 7.

2 State of the art

The literature in this field has documented many attempts

to use standardized methods in data collection and the

management process. In 1981, Fernihough suggested codes

for all the IEEE states in the database of the power unit in

order to perform online monitoring of the current state.

Code systems were to be used in the reporting form or for

interactive computer data entry procedures (Fernihough

1981). The North American Electric Reliability Council

(NERC) has been operating the Generating Availability

Data System (GADS) since 1982. GADS is a big supporter

and user of IEEE 762 Standard definitions for use in

reporting electric generating unit reliability, availability,

and productivity as its primary definitions document (IEEE

2006).

In 2011, Hameed et al. proposed a reliability and

maintainability database and made a study about the ben-

efits of applying the proposed database. They tried to

outline the potential challenges and issues pertaining to the

collection of reliability and maintainability data on off-

shore wind turbines. The proposed database contains all the

necessary information for conducting RAMS (reliability,

availability, maintainability and safety) engineering in

order to achieve reliable design, decreased downtimes, and

stable production from the system. This study helps to

provide a standardized framework (terminology, data for-

mats, guidelines, etc.) that facilitates the exchange of

experience between stakeholders, as well as benchmarking

between companies and countries (Hameed et al. 2011).

Billinton and Ge (2002) presented a detailed comparison

between two outage data reporting systems for generating

units in an attempt to find the differences between the

indexes used in these standardized systems. The two sys-

tems were the GADS, maintained by the NERC, and the

Equipment Reliability Information System (ERIS), created

by the Canadian Electricity Association (CEA). This study

elucidated the differences between the indexes in both

systems, and these differences were to be examined and

resolved by the IEEE 762 Standard (Billinton and Ge 2002).

2.1 Importance of performance measurement

Performance measurement (PM) is used by industries in

order to assess progress against set goals and objectives in

a quantifiable way for effectiveness and efficiency. Per-

formance measurement helps to provide necessary mea-

sures to support the decision making process. Performance

cannot be managed without measurement, as measurement

can indicate the present status of performance (Parida

2007).

The system’s performance can be measured using a PM

technique. It should be in line with the company functional

strategies and objectives. A PM system is defined as the set

of metrics used to quantify the efficiency and effectiveness

of actions. A performance indicator is a measure capable of

generating a quantified value to indicate the level of per-

formance, taking into account single or multiple aspects.
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Performance indicators (PIs) can identify resource

allocation and control and problem areas. They also can

provide benchmarking and overall business objectives. In

general, these indicators need to be linked to down time,

costs, capacity utilization, productivity, quality and safety

(Parida and Kumar 2006). The IEEE 762 provides a set of

indexes that represent the indicators of the power con-

verters data. These indexes provide measures for the reli-

ability, availability and productivity. These indexes will be

discussed further in Sect. 3.

2.2 Standards and data quality

In eMaintenance solutions, the design of the integration

architecture or mechanism defines the structure of the data

elements and the relation between these elements, i.e. the

standards. The term ‘‘manufacturing interoperability’’

refers to the ability to share technical and business infor-

mation seamlessly throughout an extended manufacturing

enterprise (Ray and Jones 2006). IEEE has defined inter-

operability as the ability of two or more systems or com-

ponents to exchange information and to use the information

that has been exchanged. Published standards offer some

stability by proposing information models for data repre-

sentation, an essential property for long-term data

exchange and archiving (Cutting-Decelle et al. 2004).

Standards are documented agreements containing tech-

nical guidelines that ensure that materials, products, pro-

cesses, representations, and services are fit for their

purpose. Data standards are mainly described in the form of

fixed data formats (Allen and Sriram 2000). They offer

stability in the way in which information is represented,

which is an essential property for long-term data retention.

The issue of retention is increasingly being recognized as a

costly and critical problem for industries with long product

life cycles (Ray and Jones 2006). Therefore, the value of

having standards has a direct impact on economic

advancement and national security. Global standards also

facilitate exports and international trade, although regional

standards can pose trade barriers (Allen and Sriram 2000).

Standards also have an important impact on the improve-

ment of data quality.

Data quality (DQ) can be defined as the fitness of data

for use by data consumers (Strong et al. 1997). DQ mainly

focuses on attributes like accuracy, precision and timeli-

ness. The consequences of poor DQ are significant for

businesses, governments and society in general. High-

quality information is dependent on the quality of the raw

data and the way in which it is processed. Since data

processing has shifted from the role of providing operations

support to being a major aspect of the operations them-

selves, the need for quality management of data has

become more important (Wang and Strong 1996).

Applying standards contributes to DQ enhancement.

Standards can be applied in all phases of data production,

including data collection, data transition, data fusion, data

analysis and the visualization and contextualization process

(Aljumaili et al. 2012b). In this paper, we focus on IEEE

762, and the research study presented herein has prepared

and generated the data necessary to apply this standard.

2.3 Data collection process

This study is based on operational data gathered from

Trafikverket (the Swedish Transport Administration), the

operator of the Swedish TPSS, within the period stretching

from March 2010 to the end of March 2012. The data cover

about 134 converters distributed over 46 converter stations

throughout thewhole traction network, andwere collected to

monitor operation andmaintenance and to assist in planning.

At Trafikverket there are two databases of different types for

traction frequency converters: 0Felia and GELD.

The first database, ‘‘0Felia’’, is a fault reporting database.

The collected data in this database include all the significant

event data for the systems of the Swedish railway network,

i.e. the dates of events, descriptions of faults, the failed

components, descriptions of maintenance, the repair times,

maintenance release times, corrective maintenance, etc. In

general, the data cover all the mechanical and electrical

systems within the Swedish TPSS. When a fault happens in

the Swedish railway infrastructure, a signal is sent to the

Centralized Train Traffic Control (CTTC) office as an alarm

from the detector systems. Afterwards, the CTTC office

staff initially report the occurrence of the fault in 0Felia,

after which they call the contractor’s contact person, who

instructs maintenance personnel to remedy the fault. Hence,

the maintenance personnel receive a work order telling

them to check the alarm and perform repair work. After

finishing the maintenance process, the maintenance tech-

nicians must report back to the CTTC office, and then the

report is finalized in 0Felia (Niska 2008).

The second database, called ‘‘GELD’’, contains readings

for electrical measurements such as the input/output con-

verter current, the input/output station current, the active

and reactive station power, and the input/output station

power. Every day all the readings from all the instruments

are transferred to the control centre and saved in a text file

format. The GELD database contains tens of thousands of

text files for each converter per year, with one file for each

converter measurement per day, and the readings have an

accuracy reach of one reading for every 10 min.

2.4 Converter’ data quality problems

In electric power generating systems, there are no industry

databases or operator data collection systems that are

Int J Syst Assur Eng Manag (Jan-Mar 2014) 5(1):11–20 13
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strictly based on the IEEE 762 definitions. The more

commonly used definitions in the United States are those of

the NERC, as applicable to its GADS (Ekstrom 1995).

Therefore, insufficient use of standards may lead to poor

data quality.

DQ issues in general can be related to the source of the

data in question. The data can derive from subjective

sources (humans) or objective sources (machines), with the

major problems being caused by subjective sources of data

(Aljumaili et al. 2012a, b). Strong et al. (1997) have

observed key DQ problems. Their observations were based

on research that employed qualitative data collection and

analysis techniques. Some of these problems are as fol-

lows: (1) multiple sources of the same information produce

different values; (2) information is produced using sub-

jective judgments, leading to bias; and (3) large volumes of

stored information make it difficult to access information in

a reasonable time.

In a study investigating northern Swedish companies,

Aljumaili et al. (2012a, b) described 13 possible causes of

poor DQ, namely (1) stand-alone IT-systems, (2) data

multiplicity, (3) manual input and transfer of data, (4)

system usability, (5) accessibility to IT tools, (6) missing

PIs, (7) a lack of guidance, (8) poor data upkeep, (9)

problems with metadata, (10) data not being used for

strategic decisions, (11) no knowledge recycling, (12) poor

team cooperation, and (13) poor IT knowledge.

During the present study of converter data, we

encountered many problems related to those described

above. The major problems with the collected data concern

incomplete and conflicting time data. For example, some-

times the recorded repair times do not represent the real

repair time. In addition, some data are ambiguous, and non-

meaningful. Moreover, there are minor and major faults

recorded in the database, and sometimes the minor faults

have not led to a service outage for the converter in

question. This lack of information can be considered as one

of the main problems connected with this database. In

addition, information about the current state of the unit and

the time spent in that state is missing; i.e. there is no

information about the utilization factor or the operating

hours for each converter. Without the operating hours for

each converter, we are also unable to use the MCF (mean

cumulative function) as a reliability and availability indi-

cator. Therefore, it is difficult to apply IEEE 762 as a result

of these problems concerning the converter data.

3 The IEEE 762 Standard

The IEEE 762 Standard is designed for use in reporting the

reliability, availability and productivity of electric gener-

ating units. The standard was developed in 1987, to provide

terminology and indexes to measure and report the reli-

ability, availability, and productivity of the electrical power

unit (IEEE 2006; Donaldson et al. 2007). Measures of

generating unit performance have been defined, recorded

and utilized by the electric power industry for over

60 years. The increased focus on generating unit perfor-

mance in a competitive marketplace has made the regula-

tory agencies and the industry place a greater emphasis on

performance measures. In 2002 the IEEE Risk, Reliability

and Probability Applications Subcommittee formed a

working group at the request of NERC to revise IEEE 762,

primarily to address the issue of performance indexes for

non-base load generation units. After 3 years of work and a

number of key additions, the revised standard was sent for

an IEEE ballot in December 2005 (Curley 2006).

IEEE 762 makes possible the exchange of meaningful

data among systems throughout the world. The standard

provides a methodology for the interpretation of electric

generating unit performance data from various systems and

facilitates comparisons among different systems. It also

standardizes terminology and indexes for reporting reli-

ability, availability, and productivity performance mea-

sures for electric generating units.

IEEE 762 provides some common definitions of basic

terms. Reliability in this standard includes measures of the

ability of generating units to perform their intended

function. Availability measures are concerned with the

time fraction in which a unit is capable of providing

service and account for outage frequency and duration.

Productivity measures are concerned with the total power

produced by a plant with respect to its potential power

production. A plant can comprise a unit or a number of

units. Therefore, productivity measures consider the

magnitude of an event as well as the frequency and

duration of the event.

The scope of this standard covers any event that pre-

vents the generating unit from producing electricity at its

maximum capacity. In addition, the standard was devel-

oped to be used at the unit level; therefore, it does not

address applications at the plant component or system

level. In general, the standard provides a methodology for

the interpretation of electric generating unit performance

data from various systems and for the facilitation of com-

parisons of different systems (IEEE 2006; Donaldson et al.

2007). The five basic measures used in the standard can be

described as follows:

• Service factor(SF): The SF is a statistical indicator of

RAM for the power units (Curley 2006). It is consid-

ered as an indicator of the age of a unit, through the

amount of time that the converter spends converting

power for the TPSS over a certain period, and can be

defined as follows:
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Service factor ¼ Service hours

Period hours
ð1Þ

• Availability factor (AF): The AF is the amount of time

during which the converter is able to convert traction

power over a certain period, divided by the amount of

time in the period. According to NERC GADS, ANSI

and IEEE 762, the AF is recognized as a key

performance index (Ekstrom 1995). According to

IEEE 762, it is defined as the fraction of a given

operating period in which a converter is available

without any outages (IEEE 2006).

Availability factor ¼ Available hours

Period hours
ð2Þ

The AF parameter is suggested for measuring the RAM

performance of plants, and is usually evaluated monthly for

comparison between different generating systems

(DellaVilla et al. 1993).

• Forced outage factor (FOF): The FOF is considered as

a reliability index and is the fraction of a given

operating period in which a generating unit is not

available due to forced outages (IEEE 2006) (see

Fig. 1). It is expressed as:

Forced outage factor¼ Forced outage hours

Period hours
ð3Þ

• Forced outage rate (FOR): The FOR is also considered

as a reliability index. It is a measure of the probability

that a converter will not be available due to forced

outages (IEEE 2006).

Forced outage rate ¼ Forced outage hours

Forced outage hoursþ service hours

ð4Þ
Both the FOF and the FOR give a picture of the outage

time. The difference between them is that the number of

reserve shutdown hours is included in the calculation of the

FOF, but not in the calculation of the FOR. Therefore, FOR

was considered to be the best index for the converters

examined in the present research study, because most of

them are only used for a specific part of the day according

to the train traffic.

• Capacity factor (CF): The CF is the ratio of the actual

energy conversion to the maximum energy capacity.

Capacity factor ¼ Total energy converted

Installed capacity þ Period
ð5Þ

The CF is one element in measuring the productivity of

a power production facility and is used to compare dif-

ferent locations with each other. The CF compares the

plant’s actual production over a given period of time with

the amount of power which the unit would have produced

if it had run at full capacity for the same amount of time. It

is important to give a picture of the percentage of loading

for each model (Čepin 2011).

We should mention that the main focus of this study is

directed on the IEEE 762 indexes that are related to the unit

state only. Other indexes like the weighted, equivalent,

demand, and de-rating indexes will not be discussed in this

paper.

4 The unit state residence times

To perform the main functions of IEEE 762 for measuring

and evaluating reliability, availability and productivity,

companies need sufficient data in specific categories, such

as the unit states, the time spent in each state, and the

capacity levels. Therefore, suitable information for all

models of units should be available at hand and calculated

in advance.

A unit state is a particular unit condition that is impor-

tant for collecting data on performance. There are two

primary unit states, namely ‘‘available’’ and ‘‘unavailable’’,

which describe the real state of each unit at all times. These

two states are mutually exclusive and exhaustive. Conse-

quently, these states divide calendar time into non-over-

lapping segments.

The available and unavailable states are divided into

additional, mutually exclusive states; for example, in

Fig. 1 Time spent in various

unit states (Misra 2008)
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service and reserve shutdown are available states, while

planned outage and unplanned outage are unavailable

states (see Fig. 1).

There are many state descriptions which can be used to

define the current state of the power unit in order to apply

IEEE 762 and to calculate the required reliability and

availability indexes.

All the unit states must be coupled to the time factor.

The time designations representing the number of hours

spent in the different unit states are shown in Fig. 1 and

should be available in any database containing data on the

generating unit, in order to calculate the performance

factors.

In addition to the time designations, capacity terms can

be used to express the amount of power which the gener-

ating unit is capable of producing, and capacity data must

be added to the unit state data in order to know the pro-

ductivity performance. The capacity can be specified as

gross or net quantities, for example the maximum capacity,

dependable capacity, available capacity, unit de-rating,

basic planned de-rating, and unplanned de-rating.

In this study, the main problem is that only two indexes

can be used, namely the availability factor (AF) and the

unavailability factor (UF), because only two states are used

in the 0Felia database: the available and the unavailable

state. Therefore, when the converter is unavailable, we do

not have further information as to the cause of the

unavailability status, because such information is not stated

in 0Felia. The definitions of various unit states for the

converters and for generating units in general according to

IEEE 762 are as follows:

(a) Available: the available state is the state where a

converter is capable of providing service (i.e. con-

verting power), regardless of whether it is actually in

service and regardless of the capacity level that can be

provided.

1. In service: the state in which a converter is

providing output power to the TPSS.

2. Reserve shutdown: the state where a converter is

available, but not in service because there is no

demand.

(b) Unavailable: the state in which a converter is not

capable of providing power because of a forced

outage or planned maintenance.

1. Planned outage: the state in which a converter is

not providing output power because of planned

maintenance performed on a subsystem or com-

ponent during a certain time period.

2. Forced outage: the state in which a converter is

unavailable due to catastrophic component fail-

ure resulting in a loss of output power or

inadequate output power.

Table 1 shows a sample of raw data from GADS (NERC

2012). It shows some of the factors described above.

5 Research methodology

The main objectives of IEEE 762 concern data collection

and the presentation of broad system operational data on

a consistent basis. In general, these data have many

conditions related to the time spent in different states,

the transition states, and the power capacity, and the data

are collected to perform calculations of reliability

indexes. As discussed above, neither 0Felia nor GELD

database meet the requirement for using IEEE 762

Standard. In the following, a description of these dat-

abases is presented.

5.1 Description of the 0Felia and GELD databases

In the 0Felia database, the reporting process covers mainly

two states, the available and the unavailable state. There-

fore, it is difficult to extract the following information from

this database: (1) whether or not there is a fault in the unit,

(2) whether or not the unit is in the in-service state, and (3)

whether or not the unit is in the reserve shutdown state. In

fact, this is the real issue when we attempt to apply IEEE

762, since, according to this standard; the data should be

recorded as in GADS, which shows all the possible states

of the unit and the corresponding number of hours spent in

those states.

Table 1 Raw data used in NERC GADS

Unit Capacity (MW) SH RSH AH Actual starts Attempted starts FOH FO event

41 100 183 8,576 8,759 35 35 1 1

42 150 198 8,562 8,760 31 31 0 0

43 125 186 6,867 7,052 37 38 9 2

44 170 105 4,128 4,233 29 29 4,528 3

45 180 62 8,259 8,319 20 20 98 1

Total 725 734 36,392 37,123 152 153 4,636 7
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In addition to the problem of the unit state descriptions,

not all the recorded failures in 0Felia lead to outages of

converters, because there are minor and major faults. In

general, the minor faults do not lead to outages, and this

information is not completely reported in the 0Felia data-

base due to in-complete data input. The specification of the

number of available hours includes the number of service

hours and the number of reserve shutdown hours (see

Fig. 1). The problem here concerning the 0Felia database is

that this information is also completely unavailable.

The other database of Trafikverket is the GELD data-

base, which contains a large amount of information con-

cerning the amount of power converted by each converter

and the amount of the current, with the values for the

power and current for each 10-min period being recorded

for each converter. If there is current being produced by the

converter, that means that the converter is in the in-service

state, and if the current and the output power from the

converter are zero, that means that the converter is in the

reserve shutdown state.

In order to obtain information from GELD to solve the

problem of specifying the in-service state and the reserve

shutdown state within the available state, we used an m-file

in the Matlab package to design a program that would help

to generate data that would fulfil the requirements of the

IEEE 762 Standard. This program is designed to read tens

of thousands of files for each of the 130 converters working

in the TPSS.

5.2 Data extraction and the IEEE 762 index generator

As described above, the main challenge in applying IEEE

762 is that the 0Felia data set does not meet the standard’s

requirements and that the GELD data set does not have the

required fields. To use the standard, we had to exploit the

two databases to solve the difficulties related to the oper-

ation and maintenance data and the data of the unit states of

the converters. To solve this problem, information was

extracted from GELD to specify the in-service state and the

shutdown times. After that, these times were compared

with the times recorded in the 0Felia database to generate

the downtime and the reserve shutdown time. When this

information was generated, the indexes provided by IEEE

762 were calculated according to the equations described in

Sect. 5 above. A Matlab application was developed in order

to perform all these functions.

A block diagram of the application is shown in Fig. 2.

The first step of the application is to extract the data. The

user can select the name of the station in question, the

converter type and the converter number. The year, month

and range of days can also be specified. In the GELD

database, all the text files have the same name format, and

this name depends on the acronym for the station name, the

unit number, the type of parameter (power or current), and

the date (year-month-day). There are a huge number of text

files in the folder for each month; for example, there are

around 52,888 text files in the folder for January 2011. The

folder for each month contains all the electrical readings

for all the 130 converters for the month in question.

All the indexes provided by IEEE 762 and described

above, such as the SF, forced outage factor (FOF), and

forced outage rate (FOR), can be calculated. In addition,

we can use the MCF to determine the status of each con-

verter. Hence, the unit state for the frequency converter

will be one of three states: in-service, reserve shutdown,

and unavailable states.

In addition to the developed application, other methods

were used to solve the missing data problems, such as

interviews and documents. The interviews were performed

with experienced practitioners at Trafikverket, including

both project personnel and field technicians in the Opera-

tion and Maintenance Departments. The interviews and

discussions supported the research team in solving the

challenges faced concerning data collection, filtering and

validity. The documentation consisted of policy statements,

descriptions of procedures pertaining to the operation,

maintenance and reliability analysis of the TPSS and the

converters, and documents and standards which support the

reliability analysis of the TPSS, such as those issued by

IEEE and IEC, etc.

6 Results and discussion

A study has been conducted in order to investigate the

converters’ performance. A sample of data was selected for

use and the developed application was applied. The first

data source was from the GELD database. In accordance

Fig. 2 Block diagram of the GELD data extraction program

Int J Syst Assur Eng Manag (Jan-Mar 2014) 5(1):11–20 17

123



with the program description above, the desired user input

information was selected for the program. Figure 3 below

shows the selected input data on the left side of the figure.

The program then generated the necessary information for

IEEE 762 according to the selected input.

The generated fields shown on the right of the figure

represent the standardized indexes provided by IEEE 762,

which were calculated after generating the necessary data.

In the bottom right part of the figure, a plot which describes

the converter’s status is shown. The user can choose one of

three factors, the availability, service, or capacity factor,

which can be plotted in the interface. These factors provide

a clear view of the converter’s performance for the selected

period.

From the converter status in Fig. 3, we can determine

when the converter was available and when it was

unavailable. Depending on the generated indexes, the

converter performance can be evaluated. Table 2 shows all

five indexes for six converters as a sample of the results

using the proposed approach. The SF and AF indicate the

availability, while the FOF and FOR indicate the reliabil-

ity, and the CF represents the productivity index. Using

these index values, the maintenance engineers will have a

clear view of the frequency converters’ performance. These

indexes support the maintenance management in making

the right decisions.

It must be mentioned that the data quality has a direct

impact on the decision making process regarding the

maintenance of power converters in the TPSS. Good-

quality data can be considered as the major prerequisite for

analyzing the availability and reliability of these convert-

ers. The available data sets in the Swedish TPSS for fre-

quency converters do not fulfil all the requirements of

IEEE 762 for measurement of reliability, availability and

productivity.

The main problems concern the data fields that describe

the unit states and the time spent in these unit states; the

Fig. 3 Selected data sample and results

Table 2 Sample of results for frequency converters

Unit SF AF FOF FOR CF

Emmaboda 3 0.2122 0.9932 0.0067 0.0309 0.2816

Kil 3 0.1852 0.9268 0.0731 0.2831 0.3094

Kil 4 0.821 0.9934 0.0065 0.00785 0.5851

Mora 1 0.7527 0.9995 0.0004 0.0005 0.1699

Mora 2 0.7303 0.9997 0.0002 0.0003 0.1552

Östersund 3 0.0882 0.9729 0.027 0.2346 0.2513
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fields that describe the unit states need to be more accurate.

One of the main problems regarding the 0Felia data set is

that any failure in the system is considered as downtime,

while, on many occasions, the failure is only a minor

failure and the system is still working normally at the time

of failure.

Therefore, we have to compare the downtime from

0Felia with the downtime from GELD in order to find the

real downtime, after which the other indexes can be

calculated.

7 Conclusions

Inspecting the RAM of frequency converters depends on an

analysis of the historical data collected from these con-

verters. Therefore, the quality of these data has a direct

impact on the maintenance decision making process. A

widely accepted standardized methodology for evaluating

power converters’ performance is provided by IEEE 762.

This standard offers a set of indexes that can be used to

describe the performance of frequency converters. These

indexes require certain data, such as the reserve shutdown

hours, service time and downtime. However, the Swedish

TPSS data do not include these data fields.

Therefore, this study was also used to assess the quality

of the Swedish TPSS data on frequency converters.

One conclusion that can be drawn from this study is that

there are many issues regarding the quality of the reporting

data of the Swedish TPSS that need to be addressed. One of

these issues is the fact that data necessary for the evaluation

of frequency converters’ performance are missing. Another

issue is that some of the recorded failures do not neces-

sarily lead to outages. In some cases and after a comparison

between the 0Felia and GELD data sets, we noticed that,

after some recorded failures, the system was in the reserve

shutdown state. After discussions and interviews with

practitioners and technicians at Trafikverket, we concluded

that these data were recorded in the wrong way by the

engineers. Another issue is that some data fields are

ambiguous and difficult to understand.

The suggested method and the developed application can

be used to provide a solution to these problems by gener-

ating the missing data via the comparisons between the two

data sets. However, it is important to generate the missing

data directly from the frequency converters’ databases.

Adding information about the reserve shutdown hours,

service time and downtime to the data sets makes it easier to

apply the IEEE 762 indexes directly, saving time and costs.

Applying IEEE 762 to the Swedish TPSS is a very

important innovation that will lead to enhanced perfor-

mance indicators for decision makers. This standard pro-

vides important indicators of frequency converters’

performance that will help the management to make

decisions on operation schedules, plans for future instal-

lations, and maintenance programmes. Finally, using the

standard will make a great impact on data quality, as it

provides a standard and unified data representation. The

unified formats of standards lead to a reduction in the

mistakes that may happen when data are manually

recorded.

As a future work, multi-criteria decision making

(MCDM) approaches such as analytical hierarchical pro-

cess (AHP) can be used for the selection of RAM on the

basis of the requirement of the problem in order to support

the converters performance.
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ABSTRACT 

The paper proposes a model for data quality (DQ) assessment in maintenance. This 
is increasingly important as many firms now base their maintenance planning and 
implementation on data analysis. Poor DQ reduces customer satisfaction, causes 
poor decision making, and has negative impacts on strategy execution. There are 
several studies of DQ in various operational areas, but few address the assessment 
process. Having a measure for DQ could support decision makers because what can 
be measured can be improved.    

To assess DQ, the study defines and studies attributes related to the data itself, to the 
metadata, and to the data representation schemes. It proposes an assessment model 
to evaluate the attributes. To validate the model, it uses data from a dataset of the 
Swedish Transport Administration (Trafikverket). The study shows evaluating DQ 
may aid decision-makers.  

Keywords 

Data Quality, Information Quality, Maintenance, eMaintenance, Attributes, Metrics, 
Assessment. 

1. INTRODUCTION

The subject of information and data quality (DQ) is receiving significant attention in 
many areas, including communication, business processes, personal computing, 
health care, and databases. As a result of today’s massive electronic data sets and 
multi-faceted decision-making policies, problems with data quality can create 
significant economic and political inefficiencies (Karr et al. 2006). Information is 
critical for every aspect of modern life, and its quality largely determines the quality 
of decisions made. Ultimately, it even affects the quality of activity and action 
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outcomes in organisations and in society in general. Data are the foundation for 
information making them an important criterion of strategic business decisions 
within organisations.  

While there are no universally agreed definitions of DQ, there is no dispute about its 
importance or the consequences if it is poor. Inadequate DQ has major financial 
consequences and may lead to incalculable losses (Redman 2004). American 
businesses are said to lose $600 billion a year because of bad data (Eckerson 2002). 
In addition, about 75 per cent of organisations have identified costs originating from 
“dirty” or poor data (Marsh 2005). However, “good” or “improved” DQ is often not 
an end in itself, because it is the quality of the decisions, not the data that ultimately 
matters (Karr et al. 2006).  

In general, the quality of data is influenced by three main factors: the perception of 
the user, the data itself, and the process of accessing the data. The three factors can 
be seen as the subject, object, and predicate of a query, and each factor can be a 
source for Information Quality (IQ) metadata (Naumann et al. 2000). A means to 
assess IQ for decision-making is vital. Without clearly defined attributes and their 
relationships, however, we are unable to assess IQ; worse yet, we may be unaware 
of this inability (Bovee et al. 2003). 

In order to improve DQ and to evaluate the current status of the data, we need to be 
able to measure their quality, because “Only what can be measured can be improved” 
(Wand et al. 1996; English 1999).  In other words, if we can’t measure something, 
we can’t improve it. This applies to data.  Many companies are running DQ initiatives 
in an attempt to improve the quality of their data. But how many are really measuring 
the quality of their data? What is the right assessment method? Do they even know 
how to implement a measurement system? In response to these questions, this study 
proposes a DQ assessment method. It considers the attributes and metrics of data, 
ranking and evaluating these attributes.  

The paper is organised as follows. Section 2 discusses related work. Section 3 
describes the DQ assessment process, and section 4 presents DQ assessment 
methods. Study design and model development is discussed in section 5. Sections 6, 
7, and 8 present the case study, results and conclusions respectively. 
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2. RELATED WORK

The subject of DQ attributes has been studied extensively in the literature, but the 
assessment of DQ needs more emphasis. Despite a decade of research and practice, 
only a few ad hoc techniques are available for measuring, analysing, and improving 
IQ in organisations (Lee et al. 2002).  

In 1998, Richard Y. Wang developed a TDQM (Total Data Quality Management) 
methodology. The idea of TDQM is to deliver high quality information products (IP) 
to information consumers. It aims to facilitate the implementation of an 
organisation’s overall DQ policy as this policy has been formally expressed by top 
management. The method is based on the field of product manufacturing which has 
an extensive body of literature on Total Quality Management (TQM) that deals with 
information as a product (Wang 1998).  

In 2001, Yang W. Lee et al. proposed a methodology, called AIMQ, to form a basis 
for IQ assessment and benchmarking and applied it to five major organisations. The 
methodology encompasses a model of IQ, a questionnaire to measure IQ, and 
analysis techniques for interpreting the IQ measures (Lee et al. 2002). 

In 2004, Enrique Herrera-Viedma et al. suggested an evaluation methodology based 
on fuzzy computing with words aimed to measure the IQ of Web sites. This 
methodology includes qualitative user oriented measures. Their study features two 
main components: an evaluation scheme to analyse the IQ of Web sites and a 
measurement method to generate the linguistic recommendations. The evaluation 
scheme is based on technical criteria related to the Web site structure and criteria 
related to the information content on the Web sites. 

Besiki Stvilia et al. proposed a general IQ assessment framework in 2007. Unlike the 
context-specific IQ assessment models, which usually focus on a few variables 
determined by local needs, the suggested framework consists of comprehensive 
typologies of IQ problems, related activities, and the taxonomy of IQ dimensions 
organised in a systematic way and based on sound theories and practices.  

A study conducted by Mona Alkhattabi et al. in 2011 focused on assessing IQ in e-
learning systems. The proposed framework consists of 14 quality dimensions 
grouped in three quality factors: intrinsic, contextual representation and accessibility. 
Relative importance is used as a parameter in a linear equation to create the 
measurement scheme. The researchers automated the data collection and evaluation 
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processes using a Web data extraction technique and tested their theory on a case 
study (Alkhattabi et al. 2011).  

Finally, in 2011, Hongwei Zhu and Harris Wu developed a set of metrics and a 
framework for assessing data standard quality. The developed metrics include 
completeness, relevancy, and a combined measure. They evaluated the framework 
on a data standard for financial reporting in the United States, the Generally Accepted 
Accounting Principles (GAAP) Taxonomy encoded in eXtensible Business 
Reporting Language (XBRL), considering the financial statements created by using 
the standard in public companies. Their results show the data standard quality 
framework is useful and effective (Zhu et al. 2011). 

3. HIGH QUALITY DATA PROCESS

Product manufacturing is an extensive part of the literature on Total Quality 
Management (TQM), with numerous principles, guidelines, and techniques 
developed for product quality. TQM has been applied to DQ and IQ management, 
with organisations following certain guidelines to build a DQ project, identify critical 
issues, and develop procedures and metrics for continuous analysis and 
improvement. But these approaches have limitations (Wang 1998) deriving  from the 
nature of the data and information production process and the use of this information. 
Simply stated, data can be used by different consumers in different contexts. 

Defining, measuring, analysing, and improving IQ continuously is essential to ensure 
high quality data. In general, the DQ assessment process includes several steps that 
should be applied by organisations, users and developers (see Figure 1):   

1. The definition step identifies important DQ dimensions and the
corresponding requirements of DQ.

2. The measurement step defines and produces the DQ metrics and
measures necessary to evaluate DQ.

3. The analysis step identifies root causes for DQ problems and calculates
the impacts of poor quality information.

4. The improvement process provides suitable techniques for improving
DQ.
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Figure (1), Process to insure high quality data, based on (Wang 1998). 

The context plays an important role in each step of this process: all steps should be 
applied according to the requirements specified by the consumer or user.  

4. DQ ASSESSMENT METHODS

To be able to measure the quality of data, it is necessary to make assessments along 
a number of dimensions (Lee et al. 2006). Most DQ attributes depend on user 
assessment which may be dependent on user perception. However, other attributes 
are associated with the data at the table or record level. The assessment of some 
attributes is related to metadata constraints as shown in Figure 2 below.  
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Figure (2), Data Quality Assessment Levels. 
 

The DQ assessment process can be divided into two main categories: subjective and 
objective assessments, as shown in Figure 3. Subjective assessment is based on user 
evaluations and surveys, while objective assessment is based on metrics that can be 
calculated by measuring DQ attributes.  

This paper is based on qualitative analysis of data obtained from questionnaires, in 
other words, subjective assessment. It also gives an overview of the objective or 
quantitative assessment which will be presented in greater detail in a separate paper.  

 
Figure (3), Overall data quality assessment model. 
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4.1 Objective Assessment Methods (Quantitative Methods) 

Within a specific dimensional category, the specific measure to assess a specific 
dimension may vary from one organisation to another (Lee et al. 2006). Here, we 
present metrics developed by (Codd 1970) and used for DQ assessment by (Lee et 
al. 2006).  

Data can be assessed with respect to the attributes of accuracy, consistency, and 
validity. Metadata related attributes include completeness, data domain, and data 
type. User related assessments include usability, believability, reputation, relevancy 
and other attributes listed in Table 1.  

Some attributes can be assessed by using mathematical formulas. One example is 
completeness. Complete data have been defined as those data having all values 
recorded (Gomes et al. 2007). The completeness dimension can be viewed from three 
perspectives: schema completeness, column completeness, and population 
completeness (Lee et al. 2006). An incomplete value represents an unknown or 
missing value in the real world, or a value yet to be entered into a database. A null 
value is used to represent an incomplete data item (Blake et al. 2011). Completeness 
can be calculated in a simple formula as:  

Completeness= 1- (No. of incomplete items / total no. of items) 

An item could be a file or a record. Accuracy denotes the extent to which data are 
correct and free-of-error (Wang et al. 1996). The dimension of accuracy itself, 
however, can consist of one or more variables, only one of which is whether the data 
are correct (Lee et al. 2006). If we are counting the number of data units in error, the 
metric is:  

 Accuracy= 1-(no. of items in error / total no. of item) 

4.2 Subjective Assessment Methods (Qualitative Methods) 

As mentioned, most DQ attributes can be assessed using user evaluations. A value 
expressed in the range of 0 to 1 has long been used in DQ metrics (Dillard 1992).  

This study considers the user or consumer evaluation of the data. It creates a set of 
questions to be answered by the user. Usability, accessibility, amount of data and 
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other attributes are rated by users; they select one value from a range of values for 
each attribute.    

Note that the source of the data has a significant impact on their quality (Aljumaili 
et al. 2011). In general, there are two sources: manual (human) and automatic 
(machine) data. Most problems of quality result from manual data. In this study, users 
are asked about the data source and a corresponding value is given for each source 
of data. 

5. STUDY DESIEGN  

Based on TDQM, we suggest using a multi-criteria model for subjective DQ 
assessment. This model includes the following steps: 

1. DQ attributes are defined; section (5.1). 

2. Method of Ranking is discussed and chosen; section (5.2). 

3. Method of Aggregation is selected; section (5.3). 

4. Questionnaire is designed and sent to participants; section (5.4).  

5. Responses are collected; section (6). 

6. Results are presented; section (7). 

The steps are summarised in the assessment model shown in Figure 4. Each step is 
explained in more detail in the relevant section. 
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Figure (4), Subjective Data Quality Assessment Model. 
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operations. Many dimensions are multivariate in nature, so the attributes which are 
important to a firm must be clearly identified and defined (Lee et al. 2006).  

During the 1970s and 1980s, the Financial Accounting Standards Board (FASB) 
issued several concept statements to guide the development of accounting and 
reporting principles for use by U.S. companies. Statement No. 2 identifies the 
following (Atkinson 2006): 

1. Benefits of the information disclosure should exceed cost.

2. Information should be relevant.

3. Information should be reliable.

4. Information should be comparable.

5. Information should be material.

Taylor and Voigt (1986) identified five kinds of values (i.e., dimensions) that IQ may 
possess: accuracy, comprehensiveness, currency, reliability, and validity (Taylor et 
al. 1986). Another intuitively derived classification was obtained in empirical studies 
engaging participants directly by asking them to select attributes important to their 
individual perceptions of IQ. Wang and Strong’s (1996) study, for example, surveyed 
137 users, yielding 179 different quality attributes that eventually reduced to 20 
dimensions, and then further reduced to four primary IQ “categories” (Wang et al. 
1996). Lee et al. (2002) gathered IQ attributes from 15 studies, differentiating 
between those studies by employing attributes from academic and practitioner points 
of view. They adapted the categories proposed by Wang and Strong (1996) and 
reduced IQ attributes to four main categories (Lee et al. 2002). In a more recent 
review, Knight and Burn (2005) compared 12 earlier studies using a variety of IQ 
attributes, reducing the number of attributes to 20 based on the frequency with which 
each attribute appeared across all of the studies examined (Knight et al. 2005). A 
summary of DQ attributes is provided in Table 1. 
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Table (1), DQ Dimensions (Knight et al. 2005) 

DQ Dimension   Definition 

Accuracy  extent to which data are correct, reliable and certified free of error 

Consistency  
extent to which information is presented in the same format and compatible 
with previous data 

Security  
extent to which access to information is restricted appropriately to maintain 
its security 

Timeliness  extent to which the information is sufficiently up-to-date for the task at hand 

Completeness  
information is not missing and is of sufficient breadth and depth for the task 
at hand 

Concise  extent to which information is compactly represented  

Reliability extent to which information is correct and reliable 

Accessibility extent to which information is available, or easily and quickly retrievable 

Availability extent to which information is physically accessible 

Objectivity  extent to which information is unbiased, unprejudiced and impartial 

Relevancy extent to which information is applicable and helpful for the task at hand 

Usability extent to which information is clear and easily used 

Understandability extent to which data are clear without ambiguity and easily comprehended 

Amount of data extent to which the quantity or volume of available data is appropriate 

Believability extent to which information is regarded as true and credible 

Navigation extent to which data are easily found and linked to 

Reputation extent to which information is highly regarded in terms of source or content 

Useful extent to which information is applicable and helpful for the task at hand 

Efficiency 
extent to which data are able to quickly meet the information needs for the 
task at hand 

Value added extent to which information is beneficial, provides advantages from its use 

 

5.2 Attributes Ranking 

1. Methods for Ranking: 

Multiple criteria decision making (MCDM) refers to making decisions in the 
presence of multiple, usually conflicting criteria. MCDM problems are 
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commonly categorised as continuous or discrete, depending on the domain of 
alternatives. Several methods have been proposed for solving multi-attribute 
decision making problems (MADM) (Zanakis et al. 1998). There are three main 
steps in decision-making techniques involving numerical analysis of a set of 
discrete alternatives: 1) determining the relevant criteria and alternatives; 2) 
attaching numerical measures to the relative importance (i.e., weights) of the 
criteria and to the impacts (i.e., the measures of performance) of the alternatives 
in terms of these criteria; 3) processing the numerical values to determine a 
ranking of each alternative (Triantaphyllou et al. 1997).  

Multi-criteria decision-making methods include the Simple Additive Weighting 
(SAW), ELECTRE, Multiplicative Exponent Weighting (MEW), the Technique 
for Preference by Similarity to the Ideal Solution (TOPSIS) and the Analytic 
Hierarchy Process (AHP) (Zanakis et al. 1998). This study uses AHP to rank 
attributes. 

2. Why AHP?: To choose the attributes and the appropriate weights for the DQ
measuring process, this study uses the Analytical Hierarchy Process (AHP)
method, developed by T. Saaty (1980). AHP is one of the most popular and
powerful techniques for decision making (Forman et al. 1998). It allows the use
of both qualitative and quantitative criteria in evaluations.

3. What is AHP?: AHP breaks a problem down and then aggregates the solutions
of all the sub-problems into a conclusion. It is a multiple criteria decision-making
tool that has been used in almost all applications related to decision-making. It
helps the analyst organise the critical aspects of a problem into a hierarchical
structure similar to a family tree (Saaty 1990).

AHP is built on a human’s intrinsic ability to structure his/her perceptions or 
ideas hierarchically, compare pairs of similar things against a given criterion or 
a common property, and judge the intensity of the importance of one thing over 
the other (Forman et al. 1998). AHP employs pairwise comparison in which 
experts compare the importance of two factors on a relatively subjective scale. 
In this way a judgment matrix of importance is built according to the relative 
importance given by the experts. 

AHP includes the steps below (Saaty 1988): 
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1. Structuring the decision problem and selecting criteria: Arranging all 
components in a hierarchy provides an overall view of the complex 
relationships and helps the decision maker assess whether the elements 
in each level are of the same magnitude so they can be compared 
accurately. 

2. Prioritising the criteria by pairwise comparison (weighing): For each 
pair of criteria, the decision maker is required to respond to a question 
such as “How important is criterion (A) relative to criterion (B)?” 
Rating the relative “priority” of the criteria is done by assigning a 
weight from 1 (equal importance) to 9 (extreme importance). The 
weighing is then normalised and averaged to obtain an average weight 
for each criterion 

3. Comparing options pairwise on each criterion (scoring): For each 
pairing within each criterion the better option is awarded a score, again, 
on a scale from 1 (equally good) to 9 (absolutely better), whilst the other 
option in the pairing is assigned a rating equal to the reciprocal of this 
value. Each score records for each option. Afterwards, the ratings are 
normalised and averaged. 

4. Obtaining an overall relative score for each option: Option scores are 
combined with the criterion weights to produce an overall score for each 
option. The extent to which the options satisfy the criteria is weighed 
according to the relative importance of the criteria.  

 

5.3 Aggregation Method 

The study use the AHP method described above to obtain an overall quality score for 
the provided data set.  

First, the four steps of AHP are applied to weigh and score the DQ attributes. The 
overall score of DQ is found using the weighted summation. The values of n single 
variable metrics are aggregated using the following (Lee et al. 2006): 

n
i=1 (ai .Mi)                                                     (1) 

where ai ai a1 + a2 + . . .  + an =1. Mi is a normalised 
value of the assessments of the i th attribute.  
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5.4 Design of Questionnaire 

User surveys are part of the suggested model. They are Web based which means data 
are collected in online format. An example of the user survey is presented in Figure 
6. The next section describes the data and the data collection.

Figure (5), User survey 
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6. CASE STUDY

To validate the suggested model, we draw on data from the 0Felia data base provided 
by Trafikverket (Swedish Transportation Agency). Following the steps mentioned 
above, we first design a DQ hierarchy based on DQ attributes; see Figure 6. The 
attributes are categorised in groups, based on the relationship between them.  They 
are evaluated using the previously designed questionnaire which is submitted to a 
group of researchers at a University in Sweden. The selected researchers are familiar 
with the 0felia database as they have conducted much research using these data.  

Figure (6), DQ attributes hierarchy. 

The questionnaire is divided into two parts. In the first part, the user evaluates the 
weight or the importance of each attribute by comparing pairs of DQ attributes and 
selecting the importance of one attribute over the other. In the second part, the user 
evaluates each attribute depending on his/her experience with the 0felia database.  

Following the AHP steps, the weighing and scoring process is now complete, and 
the responses are collected. An expert choice program is used to create a graphical 
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representation of the attributes.  Finally, equation (1) estimates the overall DQ 
measure of the data used in this study. 

 

7. RESULTS AND DISCUSSIONS 

Using the described questionnaire and applying the AHP method, the derived ranking 
of the DQ attributes is as shown in Figure 7.  

 

Figure (7), Attributes ranking. 

Figure 7 ranks all attributes according to the users’ evaluations. We can see that 
completeness is the most important aspect for users.   

A pairwise comparison of the categories gives the result shown in Figure 8. 
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Figure (8), Pairwise comparison. 
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After the users’ evaluations are collected, the aggregation equation is applied. The 
result is shown in Figure 9 where the distance between the actual DQ and optimum 
DQ is clearly shown. 

Figure (9), Qualitative DQ Assessment. 

Using these values, the final estimation of DQ can be calculated using equation (1). 
The subjective measure of DQ for the data of the study is 63.42%. With this score, 
the company now knows the quality of their data, what should be improved and what 
attributes the users consider most important. In addition, the score will help decision 
makers make better decisions while using these data. 

8. CONCLUSIONS

To evaluate and improve data, we need to be able to measure their dimensions and 
attributes. As research and experience have shown, information does not always 
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decisions and operational inefficiencies result from poor quality information, 
affecting an organisation’s performance. 

Multi-criteria DQ evaluation may aid decision-making processes by providing a 
means to easily access information. DQ is a composite of many different dimensions 
which are evaluated differently, depending on the data management and presence of 
trusted data sources. The measurement of DQ should be both subjective and 
objective, i.e. qualitative and quantitative, to ensure reliable evaluation.  

DQ evaluation starts by determining which attributes to measure. In this study, the 
relevant attributes refer to having the right data available for the appropriate event 
and with the needed context information. The study suggests and tests a methodology 
for measuring DQ mainly based on qualitative evaluation. 

Although the proposed method works well, the problem with qualitative methods is 
that they are based on user evaluation which may be affected by many factors, 
including expertise, context of usage, differences between users etc. In future 
research, more quantitative and statistical methods need to be used, with the results 
compared to this study’s qualitative ones. Qualitative and quantitative methods could 
also be merged.  

AHP, the method used in this study, suggests attributes should be independent, but 
we need to use different ranking methods and compare the results to find the best 
method to rank and evaluate attributes. Finally, the aggregation method needs to be 
further investigated and compared to other aggregation methods. 
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ABSTRACT 
High quality data and data quality assessment can support the decision-making 
process. In the literature, discussions of the assessment process are mainly focused on 
theoretical approaches to content analysis or on user evaluations. Metadata is 
important source for quality information in any database system, however, it is not 
considered for data quality assessment. Metadata contains information that describes 
the data in a database, including the constraints and the database schema. High 
quality data can be produced by designing a database system with accurate metadata 
descriptions. Having accurate and detailed metadata will reduce the errors in data 
values which can lead to data quality issues. In this study, data quality assessment 
model is proposed based on both content and metadata analysis. The model is 
validated by developing an application tool to assess the quality of the data in a 
database based on the proposed model. The results show that metadata can provide 
important information about the quality of the database and its adoption can help to 
give faster, more accurate and user independent assessment of data quality. 
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1. INTRODUCTION
Knowledge management systems rely ultimately on the timely and accurate retrieval
of appropriate facts and information that come in many different forms. These forms
are located in the enterprise data and have different structures and different attributes
such as reliability, accuracy and security   (Pigott & Hobbs, 2011). High-quality data
make organizational data resources more reliable, increasing the business benefits
gained by using them. They contribute to efficient and effective business operations,
improved decision making, and increased trust in information systems (DeLone &
McLean, 1992; Redman & Blanton, 1997). Advances in information systems and
technology permit organisations to collect large amounts of data and to build and
manage complex data resources. However, the large size and complexity make data
resources vulnerable to data defects that reduce their quality (Even &
Shankaranarayanan, 2009).

Although there is no consensus on the distinction between data quality and 
information quality, there is a tendency to use data quality (DQ) to refer to technical 
issues and information quality (IQ) to refer to non-technical issues (Hongwei Zhu, 
Stuart E. Madnick, Yang W. Lee, & Richard Y. Wang, 2014). In this study, we do 
not make this distinction but use data quality to refer to the full range of issues. 

Data quality can be defined as the data that are fit to use by data consumers. The 
production of high quality statistics depends on data quality. Without a systematic 
assessment of data quality, there is a risk of losing control of the various statistical 
processes such as data collection, editing or weighting. A lack of data quality 
assessment assumes processes cannot be improved and problems will always be 
detected without systematic analysis, but without good data quality assessment, 
statistical departments are working blind; they can neither claim being professional 
nor deliver quality results (Bergdahl et al., 2007).  

Quantitative assessment of quality is critical in large data environments, as it can help 
set up realistic quality improvement targets, track progress, assess impacts of different 
solutions, and prioritize improvements.  

Data quality is typically assessed along multiple quality dimensions (Even & 
Shankaranarayanan, 2009), however, and these dimensions have to be considered in 
relation to specific user objectives, goals, and functions in a specific context. Because 
all users, whether human or automatic processes, have different data and information 
requirements, the set of attributes and the level of quality considered satisfactory 
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vary with the  user’s perspective, the type of the models, algorithms, and processes 
comprising the system. Therefore, the general ontology designed to identify possible 
attributes and relations between them, especially in a human-machine integrated 
system, will require instantiation in every particular case (Rogova & Bosse, 2010).  

The literature suggests several methods for assessing data quality; the proposed 
quality measurements often use a scale between 0 (poor) and 1 (perfect) (R. Y. 
Wang, Storey, & Firth, 1995)(Redman & Blanton, 1997) (Pipino, Lee, & Wang, 
2002). Some methods, referred to by (D. P. Ballou & Pazer, 2003) as structure-
based or structural, are driven by physical characteristics of the data (e.g., item 
counts, time tags, or defect rates). Such methods are impartial as they assume an 
objective quality standard and disregard the context in which the data are used 
(Even & Shankaranarayanan, 2009). Other measurement methods, referred to as 
content-based (D. P. Ballou & Pazer, 2003), derive measurements from data 
content. Such measurements typically reflect the impact of quality defects within a 
specific usage context and are therefore also called contextual assessments (Pipino et 
al., 2002) 

Information quality can be assessed on three levels: information content, information 
source, and information system quality. Major attributes of the quality of 
information content are accessibility, availability, relevance, timeliness, and integrity. 
Information sources can be subjective or objective. Subjective sources include 
human observers, experts and decision makers. Objective information sources 
include sensors, models, automated processes; these are free of the biases inherent to 
human judgment and depend only on how well sensors are calibrated (Rogova & 
Bosse, 2010).  

Information systems should be well designed to insure high quality data. The 
database design includes tables and metadata.  

Metadata are crucial for information systems, and the last 30 years has witnessed a 
tremendous growth in the use of metadata (Lee, Pipino, Funk, & Wang, 2006). 
However, metadata are not yet used for data quality assessment. Therefore, this 
study proposes a methodology to assess quality, considering both content and 
database metadata. By merging and comparing the two, it seeks to improve the 
assessment of data quality and facilitate better decision making. 
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2. TYPES OF DATA 
Data can be considered an asset. An asset is a useful item that is a product or 
byproduct of an application development process. An asset can be tangible, such as 
data, designs or software code, or intangible, such as knowledge and methodologies 
(Lee et al., 2006). In general, three types of data should be considered when 
determining data quality: structured, unstructured, and semi-structured data.   

Fully structured data follows a predefined schema, conforming to certain 
specifications (Sint, Schaffert, Stroka, & Ferstl, 2009). A typical example of fully 
structured data is a relational database system. Structured data are often managed 
using Structured Query Language (SQL) – a programming language created 
specifically for managing and querying data in relational database management 
systems.  

Unstructured data have no identifiable structure. These data cannot be stored in 
rows and columns in a relational database; examples include photos and graphic 
images, videos, streaming data, and webpages. The advantage of unstructured data is 
that no additional effort is necessary to classify them. A limitation is that no 
controlled navigation is possible within unstructured content (Sint et al., 2009).  
Therefore, data quality techniques become increasingly complex as data lose 
structure (Batini, Cappiello, Francalanci, & Maurino, 2009).  

Semi-structured data are a cross between the other two. They represent a type of 
structured data but lack the strict data model structure. They are often explained as 
schema-less or self-describing terms, with no separate description of the type or 
structure of the data. Semi-structured data do not require a schema definition. With 
semi-structured data, tags or other types of markers are used to identify certain 
elements within the data, but the data do not have a rigid structure. 
Therefore, XML and other mark-up languages are often used to manage semi-
structured data. One of the strengths of semi-structured data is their ability to 
accommodate variations in structure; data may be created according to a 
specification or based on a type (Sint et al., 2009). 

The quality dimension has different metrics depending on the type of data (Batini et 
al., 2009). In maintenance, computerized maintenance management systems 
(CMMSs) deal with all types of data, but the large majority of contributions in the 
data quality literature focus on structured and semi-structured data (Batini et al., 
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2009). This study considers structured data stored in relational database management 
systems (RDBMSs). In RDBMS, the data content is described by metadata schema.  

As noted above, in this study, data assessment is based on both content and metadata 
analysis.  

3. RELATIONAL DATABASE SYSTEM
Though database work has not traditionally focused on data quality management,
many of the tools developed have relevance for managing data quality. For example,
research has considered how to prevent data inconsistencies (integrity constraints
and normalization theory) and how to prevent data corruption (transaction
management) (R. Y. Wang, Kon, & Madnick, 1993). The most mature and widely
used database systems in production today are relational database management
systems (RDBMSs) (Hellerstein, Stonebraker, & Hamilton, 2007). A relational
database stores information about the data and how they are related. The concept
was proposed by Edgar (Ted) Codd in 1970 at IBM (Date, 2003). Data and
relationships are represented in a flat, two-dimensional table that preserves relational
structuring; see Figure (1). Relational systems serve as the repositories behind nearly
all online transactions and most online content management systems (blogs, wikis,
social networks, etc.) (Hellerstein et al., 2007).
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Figure 1. RDBMS 

Features of modern relational systems include powerful query facilities, data and 
device independence, concurrency control, and recovery. These are useful in 
applications such as engineering design, office automation, and graphics (Haskin & 
Lorie, 1982).  A Relational Database Management System (RDBMS) is the physical 
and logical implementation of a relational database (hardware and software). An 
RDBMS controls reading, writing, modifying, and processing the information 
stored in the databases. The data are formally described and organised according to 
each database's relational model (database schema), based on the design.  
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4. DATABASE SCHEMA AND METADATA  
A database schema is a set of formulas called integrity constraints imposed on a 
database. These integrity constraints ensure compatibility between parts of the 
schema. All constraints are expressible in the same language. A database can be 
considered a structure in the database language. The states of a created conceptual 
schema are transformed into an explicit mapping, the database schema. This 
describes how real world entities are modelled in the database. 

Metadata are considered a key success factor in data warehouse (DW) projects. They 
capture all kinds of information necessary to analyze, design, build, use, and 
interpret the contents of the data warehouse (Vetterli, Vaduva, & Staudt, 2000). 
With the enormous increases in the storage capacity of rapid-retrieval data storage, 
the number now includes thousands, even tens of thousands of files. Clearly, 
additional information is needed simply to intelligently track, identify, and use these 
files (Bedoll & Kimball, 1990).  

Metadata are often called data about data or information about information. 
Specifically, metadata discover and know all that is necessary to know about the 
structures of a source data. At a minimum, the following are known (Aspin, 2012): 

 

 

 

 

 

Certain sources also must be known: 

 

 

 

There are three main types of metadata: 

Descriptive metadata are used for discovery and identification. They can include 
elements such as title, abstract, author, and keywords. 

Structural metadata indicate how objects are put together, for example, how 
pages are ordered to form chapters. 
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Administrative metadata provide information to help manage a resource, such as
when and how it was created, the file type and other technical information,
and who can access it.

With the advent of computers and the incessant need for data, new techniques have 
made it possible to store data permanently in secondary storage. These data can be 
retrieved and used by application programs. File managers are used to store and 
retrieve data from the secondary storage. To accomplish their job, file managers use 
such metadata as field names and filenames. This use of metadata, along with the 
actual data, is now ingrained in database management technology (Lee et al., 2006).  

5. DATA QUALITY ASSESSMENT IN LITERATURE
Data quality (DQ) is a key concern in any applications system area, for example,
business support systems (transactions systems, ERP, decision support systems etc.),
air traffic systems, transportation systems, military systems, energy management
system, and maintenance management systems. For such systems, data quality has a
huge impact on decisions and their consequences; some research has focused on the
impact of poor or insufficient DQ in applications (Sains & Teknologi, 2012). The
literature provides a wide range of techniques to assess and improve the quality of
data, including record linkage, business rules, and similarity measures. Over time,
these techniques have evolved to cope with the increasing complexity of data
quality in networked information systems (Batini et al., 2009).

Data quality assessment methods are generally based on measurement theory. Each 
dimension of data quality consists of a set of attributes. Each attribute characterizes a 
specific data quality requirement, thereby defining the standard for data quality 
assessment. There is flexibility in the methods used to measure data quality, as each 
attribute can be measured by several different methods (Chen, Hailey, Wang, & Yu, 
2014). Early data quality research focused on developing techniques to query 
multiple data sources and build large data warehouses (DW). According to ISO/IEC 
15939, measurements are “a set of operations having the object of determining a 
value of a quantitative or categorical representation of one or more attributes.” In 
addition, “measurements should have a clearly defined purpose”. The purpose for 
measuring the data quality of a given scenario is to satisfy an “information need” in 
order to manage objectives, goals, risks and problems (Caballero, Verbo, Calero, & 
Piattini, 2007). 
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Wang and Madnick [1989] used a systematic approach to study related data quality 
concerns. They identified and addressed entity resolution issues that arose when 
integrating information from multiple sources with overlapping records. They 
explored ways to determine whether separate records actually correspond to the 
same entity. This is now known as record linkage, record matching, and more 
broadly, data integration and information integration (Y. R. Wang & Madnick, 
1989).  

Later, Wang and Madnick [1990] developed a polygen (poly for multiple, gen for 
source) model to consider the processing of data source tags in the query processor 
to answer data quality-related questions such as “Where are these data from?” and 
“Which intermediary data sources were used to arrive at these data?” (Y. R. Wang 
& Madnick, 1990). Follow-up research included the development of a modelling 
method (Quality Entity Relationship model) to systematically capture 
comprehensive data quality criteria as metadata in the conceptual database design 
phase (R. Y. Wang, Kon, & Madnick, 1993), using an extended relational algebra 
to allow the query processor to process hierarchical data quality metadata (R. Y. 
Wang, Reddy, & Kon, 1995).  

This stream of research has had impacts on modern database research and design, 
such as data provenance and data lineage (Buneman, Khanna, & Wang-Chiew, 
2001) and on extensions to relational algebra for data security and data privacy 
management. More importantly, early research efforts motivated researchers to 
embark on systematic inquiry into the whole spectrum of data quality issues, which, 
in turn, led to the inauguration of the MIT Total Data Quality Management 
(TDQM) program in the early 1990s and the later creation of the MIT Information 
Quality Program (MITIQ) (Hongwei Zhu et al., 2014).  

TQDM has been introduced as a guideline for DQ analysis in information systems, 
with four main categories of DQ dimensions; intrinsic, accessible, contextual and 
representational. Each dimension contains several DQ matrices. The intrinsic 
dimension refers to the fact that information has qualities in its own right. 
Contextual means the IQ must be considered within the context of the task at hand. 
Accessible and representational dimensions emphasise the important roles of IS. 
Figure 2 shows TQDM for information products (Sains & Teknologi, 2012).  
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 Figure 2. Schematic of the TDQM methodology (Sains & Teknologi, 2012) 

Scannapieco et al. (2004) presented an architecture for managing DQ in cooperative 
information systems by focusing on two specific modules, the DQ Broker and the 
Quality Notification Service. The former allows querying and improving DQ 
values. The latter is specifically targeted at the dissemination of changes in DQ 
values. The investigation of DQ by the Cooperative Information System 
(DaQuinCIS) project started in 2001. The project involves three universities in 
Italy, Universita Di Roma, Polictechnico Di Milano, and Universita Di Milano, 
with more than 20 professors, doctoral students, technicians, and researchers 
working together on it. Figure 3 shows the DaQuinCIS framework (Scannapieco, 
Virgillito, Marchetti, Mecella, & Baldoni, 2004). 
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Figure 3. DaQuinCIS framework (Scannapieco et al., 2004) 

Jeusfeld et al. suggested an approach to assess the DQ of a data warehouse (DW) via 
a semantically rich model of quantity management in DW. A DW relies on meta-
databases to control its operation and aid its evolution because of the dynamic 
changes in DW requirements and environment. The model allows stakeholders to 
design abstract quality goals that are translated to executable analytic queries of 
quality measurements in the DW’s meta-database. Figure 4 shows the Quality Meta 
Model in the DW architecture (Jeusfeld, Quix, & Jarke, 1998).  

Figure 4. Quality Meta Model 
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Lee et al. suggested a model for basic IQ assessment and benchmarking known as 
AIM Quality (AIMQ) (Lee, Strong, Kahn, & Wang, 2002). It encompasses a model 
for IQ, a questionnaire to measure IQ and an analytic technique to interpret IQ. 
Other research in computer science has considered specific areas, such as database 
technical solutions, DW and data integration, enterprise architecture, networks and 
performance. As an example, Davidson and Tayi combined data mining techniques 
with DQ matrices. The basic idea was that most data mining research focuses on 
discovering patterns in organizational databases without considering the DQ 
knowledge of the databases.  Their research developed a general purpose method of 
incorporating data quality matrices into the data mining classification task by looking 
for accuracy, contextual, semantic interpretability and database quality matrix (D. P. 
Ballou & Tayi, 1999). Zhang et al. conducted research to improve the quality of 
DW data by emphasizing data structure correctness, data consistency, integrity and 
data atomicity (Zhang, Wen, & Zhang, 2009). Madnick et al. produced a paper on 
semantic issues in DQ. Many DQ problems are a result of data misinterpretation, 
that is, problems caused by heterogeneous data semantics. The authors suggested 
Context Interchange (COIN) technology can be used to capture data semantics and 
reconcile semantic heterogeneities, thereby improving DQ (Madnick & Zhu, 2006). 

6. DATA QUALITY ATTRIBUTES
The data quality literature provides a thorough classification of data quality
dimensions; the most basic set of dimensions includes accuracy, completeness,
consistency, and timeliness (Batini et al., 2009). Data quality dimensions can be
measured using both qualitative (subjective) survey evaluations and quantitative
(objective) metrics. In either case, the result of the measurement is the data value.

According to the DQ literature, typical DQ measurement methods to determine 
data values implement a formula like the following (Lee et al., 2006) (Caballero et 
al., 2007): 

Ratio=1-[Number of undesirable outcomes/Total outcomes]  (1) 

The measure is composed of two base measures, Number of undesirable outcomes and 
Total outcomes, with 1 representing the most desirable and 0 the least desirable score. 
In this case, the measurement method is objective: it simply consists of counting the 
number of data units accomplishing the criterion (Caballero et al., 2007).  
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The overall score of DQ is found using a weighted summation. The values of n 
single variable metrics are aggregated as follows (Lee et al., 2006): 

   (2) 

Where ai ai Mi is a 
normalized value of the assessments of the i th attribute. 

In this study, DQ attributes metrics are based on the ratio in equation (1). These 
attributes metrics are discussed in the next sections. 

7. DQ ASSESSMENT MODEL
Measurement is a key activity in DQ management. As noted above, the purpose for
measuring data quality is to satisfy an “information need” in order to manage
objectives, goals, risks and problems. Knowing the information needs and context, a
plan can be drawn to determine (a) the measure to be made, (b) where the objects
to measure are, (c) how to measure these objects, (d) how many objects must be
inspected to have statistically significant evidence, (e) whose objects these are, (f) to
whom results must be delivered, and finally (g) when measures can be done, so as to
not interfere in any other process (Caballero et al., 2007).

Although DQ literature contains numerous measurement proposals, many research 
challenges remain. This study proposes a model for overall DQ assessment. The 
model merges subjective assessment with objective assessment; see Figure (5). 
Defining DQ metrics is crucial for the objective assessment process, and the 
following sections discuss these metrics. The subjective assessment of DQ includes 
user surveys, focusing on such attributes as usability, believability, etc. The proposed 
subjective model is discussed in a separate study. 
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Figure 5. Overall data quality assessment model 

This paper limits itself to the objective assessment model. As noted, the quantitative 
assessment merges metadata and content. The flowchart of the proposed model in 
Figure (6) shows the assessment process.  
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Investigating DQ Issues Case Studies, Interviews, 
Questionnaires 

Studying DQ Attributes Literature Study 

Defining DQ KPIs Literature study and business 
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Figure 6. Quantitative data quality assessment model 

7.1   Metadata Analysis to Measure Data Consistency and Accuracy 
IT applications enable firms to have a simple selection and internalization process of 
their knowledge. Knowledge management system (KMS) can be used not to 
manage all the existing knowledge inside the organization, but to manage that 
knowledge needed by people within the organization, which could help them in 
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achieving their expected benefits (Cricelli, Grimaldi, & Hanandi, 2014). Metadata 
are part of KMS as structured information that describe, explain, locate, or 
otherwise make it easier to retrieve, use, or manage an information resource. 
Metadata are often called data about data or information about information (Brand, 
Daly, & Meyers, 2003). In a database, metadata record the names of basic entities in 
the system (users, schemas, tables, columns, indexes, etc.) and their relationships and 
is stored as a set of tables in the database. By keeping the metadata in the same 
format as the data, the system is made more compact and simpler to use: users can 
employ the same language and tools to investigate the metadata that they use for 
other purposes (Hellerstein et al., 2007). 

In relational DBMS, metadata are extensively used to define data. These metadata 
include relation names, attribute names, key and domain information (Lee et al., 
2006). Therefore, metadata contain constraints that control data integrity, 
consistency, accuracy and completeness.  Common kinds of constraints are:  

not null - value in a column must not be null

unique - value(s) in specified column(s) must be unique for each row in a table

primary key - value(s) in specified column(s) must be unique for each row in a
table and not be null; normally, each table in a database should have a primary
key used to identify individual records

foreign key - value(s) in specified column(s) must reference an existing record
in another table (may be primary key or some other unique constraint)

check - an expression is specified which be true for a constraint to be satisfied

7.1.1 Primary key check 
A primary key is a special relational database table column (or combination of 
columns) designated to uniquely identify all table records.  A primary key’s main 
features are the following: it must contain a unique value for each row of data; it 
cannot contain null values; it is either an existing table column or a column 
specifically generated by the database according to a defined sequence. Having a 
primary key will ensure uniqueness and prevent data redundancy. Hence, any table 
without a primary key will have problems when selecting, joining, linking, etc.  
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7.1.2 Foreign key check 
A foreign key is a column or group of columns in a relational database table that 
provides a link between data in two tables. It acts as a cross-reference between tables 
because it references the primary key of another table, thereby establishing a link 
between them; see Figure (7).  

Figure 7. Foreign key constraint 

A foreign key constraint does not have to be linked to a primary key constraint in 
another table; it can also be defined to reference the columns of a unique constraint 
in another table. A foreign key constraint can contain null values; however, if any 
column of a composite foreign key constraint contains null values, verification of the 
foreign key constraint is skipped. 

7.1.3 Check constraint 
This constraint controls data accuracy and consistency. The relational theory 
distinguishes two fundamental categories of integrity constraints: intra-relation 
constraints and inter-relation constraints. Interrelation constraints define the range of 
admissible values for an attribute’s domain. Examples are “Age must range between 
0 and 120,” or “If Working Years is lower than 3, then Salary cannot be higher than 
25.000 euros per year” (Batini et al., 2009). Check constraints enforce domain 
integrity by limiting the values accepted by one or more columns. A check 
constraint can be created with any logical (Boolean) expression that returns true or 
false. For example, the range of values for a salary column can be limited by creating 
a check constraint that allows only data that range from $15,000 to $100,000. This 
prevents salaries from being entered beyond the regular salary range. The logical 
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We can apply multiple check constraints to a single column or apply a single check 
constraint to multiple columns by creating it at the table level. For example, a 
multiple-column check constraint can be used to confirm that any row with a 
country/region column value of USA also has a two-character value in the state 
column. This allows multiple conditions to be checked in one location. 
Check constraints are similar to foreign key constraints in that they control the 
values put in a column. The difference is in how they determine which values are 
valid: foreign key constraints obtain the list of valid values from another table, and 
check constraints determine the valid values from a logical expression. 

7.1.4 Nullability 
This metadata constraint relates to the data completeness attribute. In the research 
area of relational databases, completeness is often related to the meaning of null 
values. A null value has the general meaning of a missing value, a value that exists in 
the real world but is not available in a data collection. Null is frequently used to 
represent a missing value or invalid value, for example, from a function that failed to 
return or a missing field in a database, as in null in SQL. In order to characterize 
completeness, it is important to understand why the value is missing. A value can be 
missing because it exists but is not known, or because it does not exist, or because it 
is not known whether it exists (Atzeni & De Antonellis, 1993). In database systems, 
this constraint is considered during the design of the database. For example, 
RDBMS contains this constraint in the metadata to determine if table columns are 
allowed to have null values or not (Batini et al., 2009).  

7.2    Content Analysis to Measure Completeness, Consistency and 
Accuracy 
This study conducts several types of database analysis. These are described below. 

7.2.1 Data type checking: 
The data type check is used to ensure all data values follow the datatype property 
defined during the database design. Datatype property is registered in the metadata 
records. In this check, the number of fields violating the datatype property is 
counted. 

Data Type = 1- (no. of items violating Data Type / total no. of items) 

This attribute check is used to assess data accuracy. 
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7.2.2 Domain range checking. 
This can be considered an extension to the data accuracy attribute defined in section 
(7.2.5). As an extension of simple validation, range checking ensures a value is 
within allowable minimums and maximums. Values should be specified during the 
database design via check constraints. This attribute check is also used in the data 
accuracy assessment. 

7.2.3 Completeness checking. 
Completeness is defined as the degree to which a given data collection includes data 
describing a corresponding set of real-world objects (Batini et al., 2009). It is the 
degree to which all data relevant to an application domain have been recorded in an 
information system. It can be also considered the degree to which expected values 
are present in a data collection. When an incomplete value represents an unknown 
or missing value in the real world, or it represents a value yet to be entered into a 
database, a value of null is used (Lee et al., 2006). 

Completeness= 1- (No. of incomplete items / total no. of items) 

7.2.4 Redundancy checking. 
This check relates to the data consistency attribute. Duplicate records are a common 
problem in information systems. They are created by mistake, simply because the 
user is not aware that the record exists already, or because of system limitations. 
Common problems include systems that cannot store different information for the 
same vendor consequently, the vendor is created multiple times as a workaround. 
Duplicate records for the same customer or vendor will result in incorrect reporting 
and directly affect a company’s business. 

Redundancy= 1- (No. of redundant items / total no. of items) 

This attribute check is used in the data consistency assessment. 

7.2.5 Accuracy 
Accuracy denotes the extent to which data are correct, reliable and certified (R. Y. 
Wang & Strong, 1996). Ballou and Pazer (1985) specify that data are accurate when 
the data values stored in the database correspond to real-world values (D. P. Ballou 
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& Pazer, 1985). The dimension of accuracy itself, however, can consist of one or 
more variables, only one of which is whether the data are correct (Lee et al., 2006). 
To count the number of data units in error, the metric is:  

Accuracy= 1-(no. of items in error / total no. of item) 

 
An item could be a file or a record. In this study, the accuracy assessment depends 
on two evaluations: data-type accuracy and domain accuracy values. 

 

7.3    Developed Analysis Tool  
To validate the proposed measures, we use the Northwind database, a sample 
database that comes with Microsoft Access. Basically, the database is for a fictitious 
company named "Northwind Traders". A diagram of the database is shown in 
Figure (8). 

 

 

Figure 8. Northwind database structure  
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The database captures all sales transactions between the company and its customers 
as well as the purchase transactions between Northwind and its suppliers. The 
developed tool investigates the data quality attributes discussed in the previous 
sections. Again, the study has two main analytic categories: metadata and content 
analysis.  

The metadata analysis investigates general data representation to determine if there 
are data constraints and if so how they were designed. It checks for constraints such 
as primary keys, foreign keys, and check keys.  Data quality dimensions of integrity 
and accuracy are included in this investigation as well. 

Database content analysis considers other data quality dimensions, including 
completeness, value accuracy, value data type (if they follow the column data 
constraint listed in the metadata), data domain values (if they follow the check 
constraint listed in the metadata).  

The interface of the developed tool is shown in Figure (9). 

Figure 9. Developed DQ analysis tool 
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This tool is developed using Visual C# and can be applied to any SQL server 
database connected to visual studio. The user needs to enter the database name; after 
that, the desired functions are included as shown in Figure (9), displaying the table’s 
metadata, content, database constraints, reports about database metadata and content 
investigations.  

After generating DQ KPIs using the developed tool which deploy the proposed 
model, DQ attributes assessment can be calculated. Figure (10) shows an example of 
assessment attributes such as completeness, consistency and accuracy of Northwind 
database.  

Figure 10. DQ assessment based on proposed model 

8. RESULTS AND DISCUSSION
In this study, we suggest metadata can be used to help in information quality
assessment, but this assessment needs to be combined with database content
assessment. We test and empirically validate the hypothesized model using data
called Northwind.

Our study makes two key contributions to data quality research. First, it provides a 
link between metadata quality and information quality since metadata is the registry 
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for the quality information of any database system. Second, it contributes to the data 
quality assessment model by presenting metadata quality as a key aspect of 
information system quality since the assessment models in literature consider content 
analysis and expert evaluations in general. The proposed model improve the 
assessment process by analyzing metadata and generating quality KPIs. 

Figure (6) shows the proposed model with all steps that describes the applied 
scenario and the relationship between the metadata and overall IQ. Assessing the 
quality of metadata helps assess data quality attributes such as integrity and accuracy. 
Overall, the findings show a significant direct impact of metadata quality on 
information quality and on the quality of decisions made based on these data.  

Since most of the decisions based on data, decisions based on dirty data may lead to 
negative impacts to any organization. These negative impacts can be related 
financial, safety, satisfaction productivity and decision-making process as well by 
providing delayed and wrong decisions.  Having an estimation of the quality of 
database can help the decision-makers to know the current states of their data and 
hence the quality of the decision they may take.  

The developed software tool provides an overview of metadata quality. For 
optimum DQ assessment, however, the metadata and content analysis explained 
here should be combined with user assessment (explained in the previous study). 

9. CONCLUSIONS
The modified data quality assessment model presented here extends previous
models, resolving ambiguities in terminology and relationships of quality attributes.
It merges the use of metadata with content analysis to objectively assess data quality.
Previous data quality models are based on user evaluation of data quality, with some
data quality attributes such as missing data, data accuracy; others are calculated based
on the content only. This model uses both content and metadata to assess data
quality. However, this assessment should be combined with subjective assessment to
find the overall data quality.

The key contribution of the research is to integrate metadata, content and user 
satisfaction. The proposed methodology provides a practical IQ tool for 
organizations to identify IQ problems, prioritize areas for IQ improvement, and 
monitor IQ improvements over time. 
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