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Abstract 

Data and Information1 are now widely regarded as an organization's most valuable assets, 

so they must be of high quality to maintain its competitive edge and support operational 

and decision-making processes. Today data quality is considered the biggest challenge to 

achieving success with generative artificial intelligence (GenAI)2 currently very attractive 

to organizations. 

Yet, although it is important for organizations to identify and prioritize critical success 

factors (CSF) for data quality management, the subject is still understudied.  This work 

aims to help organizations to enhance their data quality by offering a set of Critical 

Success Factors (CSFs) and prioritizing their implementation based on their importance. 

In line with Rockart (1979) we define critical success factors for data quality management 

as the limited number of areas in which the results, if satisfactory, guarantee data with 

better quality. 

Currently, data quality research is conducted in two main scientific fields: computer 

science (CS) and management information systems (MIS) (Madnick et al., 2009). Our 

research falls specifically into the latter category. 

Due to the nature and objectives of this study, it was decided to use the Design Science 

Framework, and, as an in-depth study was intended, qualitative methods were adopted. 

In the exploratory phase a focus group and a Delphi study were carried out, and in the 

explanatory one, two case studies. 

This work identified two new critical success factors for data quality management, 

namely the creation of an information catalog and the use of data quality tools. In addition, 

 

1 Although data and information mean slightly different things, for reasons of simplicity, and in line with 

other data quality researchers, we use the terms data and information interchangeably. 

2 “Generative artificial intelligence is a type of artificial Intelligence (AI) technology that can build content 

such as audio, images, text, and videos. It involves algorithms such as ChatGPT, a chatbot that can 

produce essays, poetry, and other content requested by a user, and DALL-E, which generates art” 

(Campbell, 2023). 
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it developed a framework for the CSFs, organized into three clusters that represent the 

priorities for their implementation. 

The order of importance of the CSFs did not coincide exactly between the Delphi study 

and the case studies, or between the two case studies, which may have happened because 

that the studies were carried out in different industries and the Delphi respondents 

belonged to multiple organizations from different sectors. Despite this, the most 

important CSFs almost coincide. In short, from this study it can be concluded that the 

nine CSFs in cluster A are the most reliable for use by organizations.  

Rockart (1979) states that in general terms the CSFs differ between organizations, even 

in the same industry, and Xu & Lu (2003) point out that companies in different sectors 

do not attribute the same importance to some CSFs for data quality management. 

Finally, it was not possible to identify the role of data governance in improving data 

quality management, namely whether it is a critical success factor or probably a core 

capability. 

Keywords: critical success factors, data quality, data quality management, qualitative 

research, design science, focus group, Delphi study, case study 
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Resumo 

Os dados e a informação3 são atualmente considerados como os ativos mais valiosos das 

organizações, pelo que devem ser de elevada qualidade para manter a sua vantagem 

competitiva e apoiar os processos operacionais e de tomada de decisão. Para além disso 

a qualidade dos dados é hoje considerada como o maior desafio para alcançar o sucesso 

com a inteligência artificial generativa, atualmente muito procurada pelas organizações. 

Para melhorar a qualidade dos seus dados importa que as organizações identifiquem e 

priorizem a utilização dos fatores críticos de sucesso (FCS) para a gestão dessa qualidade, 

tema que ainda está pouco investigado, pelo que este trabalho tem como objetivo ajudar 

as organizações que pretendam obter uma melhor qualidade dos dados, fornecendo um 

conjunto de FCS, e respetiva priorização, para melhorar essa qualidade. 

Em linha com Rockart (1979) definimos fatores críticos de sucesso para a gestão da 

qualidade dos dados como o número limitado de áreas em que os resultados, se forem 

satisfatórios, garantem dados com melhor qualidade. 

Atualmente a investigação sobre qualidade de dados é conduzida em duas áreas 

científicas principais (Madnick et al., 2009): ciência da computação (CC) e sistemas de 

informação de gestão (SIG), sendo que este trabalho se enquadra especificamente nesta 

última categoria. 

Dada a natureza e os objetivos deste estudo, optou-se por utilizar a Design Science 

Framework, e como se pretendia um estudo aprofundado, decidiu-se utilizar métodos 

qualitativos, nomeadamente um focus group e um estudo Delphi na fase exploratória e 

dois estudos de caso na fase explanatória. 

Este trabalho identificou dois novos fatores críticos de sucesso para a gestão da qualidade 

dos dados, nomeadamente a criação de um catálogo de informação e a utilização de 

ferramentas de qualidade dos dados, e conseguiu criar uma estrutura para os FCS, 

organizada em três clusters que representam as prioridades da sua utilização. 

 

3 Embora dado e informação sejam conceitos diferentes, por razões de simplicidade, e em consonância com 

outros investigadores da qualidade dos dados, utilizamos os termos dados e informações indistintamente. 
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A ordem de importância dos FCS não coincidiu exatamente entre o estudo Delphi e os 

estudos de caso, nem entre os dois estudos de caso, o que pode dever-se ao facto de os 

estudos terem sido elaborados em diferentes indústrias e os respondentes do Delphi 

pertencerem a múltiplas organizações de diferentes setores de atividade. Apesar disso os 

FCS mais importantes praticamente coincidem. Resumindo, deste estudo pode concluir-

se que os nove CSFs do cluster A são os mais fiáveis para utilização pelas organizações. 

Rockart (1979) afirma genericamente que os FCS diferem entre organizações, mesmo da 

mesma indústria e Xu & Lu (2003) referem que empresas de diferentes sectores não 

atribuem a mesma importância a alguns FCS para a gestão da qualidade de dados. 

Por último, não foi possível identificar o papel do governo dos dados na melhoria da 

gestão da qualidade dos dados, nomeadamente se se trata de um fator crítico de sucesso 

ou provavelmente de um recurso essencial. 

Palavras-chave: fatores críticos de sucesso, qualidade dos dados, gestão da qualidade 

dos dados, investigação qualitativa, design science, focus group, estudo Delphi, estudo 

de caso 
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1 INTRODUCTION 

1.1 Research Rationale 

Academic and professional communities are increasingly concerned with data quality 

management. Today, there is a great deal of concern about the quality of corporate data 

since low quality data means inaccurate information, which can lead to resource waste 

and poor decision-making, harming the company, especially in terms of regulatory 

compliance and customer relationship management (Lucas, 2010, p. 162). 

Simultaneously, digital enterprise transformation and the growing use of big data, 

especially for predictive analysis, have resulted in an explosion of data in almost every 

industry and business sector, underscoring the value of data quality (Gao et al., 2016; Jin 

et al., 2015). The concept of "big data" has been around since the 1990s, with John 

Mashey being credited with popularizing it (Mashey, 1999). Following that, Laney (2001) 

defined the "Three V's" of Big Data (Volume, Variety and Velocity), with Volume 

meaning the large amounts of data to be managed, Variety the various types of data, more 

specifically structured, semi-structured and unstructured, and Velocity the speed of data 

generation and analysis. Since then, some more “V’s” have been added to the 

characteristics of Big Data; however, they are less consensual than the three initial V’s. 

They include Veracity, a term coined by IBM, which means the data’s quality, and Value, 

introduced by Oracle, which can be defined as the added value that the collected data can 

bring to a decision-making process (Kaur & Sood, 2017). 

Kitchin (2013) defines the following characteristics of big data: 

- Huge in size, including terabytes or petabytes of data;  

- Quick in speed, emerging in real time or near real time;  

- Diverse in scope, encompassing structured, semi-structured and unstructured data types; 

- Broad in scope, seeking to encompass entire systems or populations; 

- Fine-grained in resolution, aiming to be as detailed as possible;  

- Flexible, extensible (can add new fields easily) and scalable (can expand in size rapidly). 

Today data quality is considered the biggest challenge to achieving success with 

generative artificial intelligence (GenAI) (Addagada, 2024; Davenport & Tiwari, 2024), 

which is currently very attractive to organizations. According to a survey conducted by 
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Anaconda preparing and cleaning data accounts for 37.75% of data scientists' jobs 

(Anaconda, 2022). The job “data scientist” was coined in 2008 by D.J. Patil, and Jeff 

Hammerbacher, who defined it as “high-ranking professionals with the training and 

curiosity to make discoveries in the world of big data” (Davenport & Patil, 2012, p. 72). 

Furthermore, according to a survey of more than 3000 corporate executives (LaValle et 

al., 2011), cited by Hazen et al. (2014, p. 73), one in five executives believe that poor data 

quality is the main barrier to implementing more effective data analytic-based initiatives.  

In 2016, IBM reported that the annual cost of bad data quality in the United States was 

$3.1 trillion (Redman, 2016). Similarly, according to a Royal Mail report published in 

2016, low quality customer data cost UK businesses on average 5.9% of their annual sales 

(Royal Mail & DataIQ, 2016).  

English (1999) divided the costs of bad data quality of customer addresses into three 

categories: 

- Costs related to incorrectly sent or undelivered mail because of incorrect mailing 

addresses, which occur when procedures are not correctly carried out because of 

low-quality data;  

- Information scraping and rework, which includes expenses for resending mail or 

for scraping and processing inaccurate data to meet the necessary quality 

standards; and 

- Opportunity costs, which result from missed or lost sales opportunities. For 

instance, due to incomplete client address data for "loyalty cards", some 

cardholders do not appear in promotional offers, which can lower revenue.  

Gartner reports that “poor data quality costs organizations an average $12.9 million per 

year” (Sakpal, 2021), and Loshin (2011) categorizes the impacts of poor data quality as 

follows: 

- Financial impacts include higher operating expenses, lower income, lost 

opportunities, as well as fines, penalties, and other charges; 

- Implications related to confidence and satisfaction include lower organizational 

trust, a lack of confidence in predicting, inconsistent operational and management 

reporting, and incorrect or delayed decision-making; 
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- Increased workloads, lower throughput, longer processing times, or lower-quality 

final products are examples of productivity consequences; and 

- Impacts of risk and compliance include those related to credit evaluation, 

investment risks, fraud, as well as compliance with legal requirements or industry 

standards. 

Although data and information mean slightly different things, for reasons of simplicity, 

and in line with other data quality researchers (Khatri & Brown, 2010; Madnick et al., 

2009; Pipino et al., 2002), we use the terms data and information interchangeably.  

Beginning in the late 1980s, data quality analysis mainly focused on computer science 

issues, such as developing techniques for querying different data sources and building 

large data warehouses (Madnick et al., 2009). In the early 1990s, MIT launched its Total 

Data Quality Management (TDQM) program and introduced the TDQM system, which 

extends to the domain of data the Total Quality Management (TQM) framework for 

quality improvement in the manufacturing domain (Madnick et al., 2009).  

Currently, data quality research is conducted in two main scientific fields: computer 

science (CS) and management information systems (MIS) (Madnick et al., 2009). Our 

research falls specifically into the latter category. 

1.2 Research Objective and Research Questions 

The primary goal of this study is to identify the critical success factors for data quality 

management, as well as a priority for their implementation according to their importance. 

The analysis excludes the quality of big data, due to its moderate maturity and lack of 

clarity in its definition, a result of it being under-researched. 

The research questions can be summarized as follows: 

– What are the critical success factors (CSFs) for data quality management? 

– What are the priorities for implementing the CSFs according to their importance? 

Due to the nature of this research project, which seeks to create a new artifact (a critical 

success factor framework for data quality management), we use the design science 

framework, as explained in Chapter 3 (Gregor & Hevner, 2013; Hevner, 2007; Hevner et 

al., 2004; Iivari, 2007; Österle et al., 2011). 

  



 

 

4 

 

1.3 Thesis Structure 

This thesis is organized into six chapters. This first chapter presents the research rationale, 

research objectives and research questions. Chapter two contains the literature review of 

data quality management (DQM) and critical success factors for DQM. The third chapter 

presents the philosophical perspective of the research and the choice of research design, 

taking into consideration the nature of the research objective and questions. 

Chapter four presents the fieldwork, consisting of an exploratory phase followed by an 

explanatory one. In the first phase, a focus group was used, followed by a Delphi study, 

and in the second, two case studies were carried out, interpreted, and analyzed. Chapter 

five cross checks the findings of the Delphi study and those of the case studies and 

compares them with previous literature on the subject. 

Chapter six proposes some research conclusions and presents the thesis contribution for 

the literature and practitioners. Lastly, we outline the study's limitations and suggest 

potential directions for further research.  
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2 LITERATURE REVIEW 

This section reviews the literature on Data Quality Management (DQM) and Critical 

Success Factors for DQM. 

2.1 Data, Information, and Knowledge 

Hoffer et al. (2016, p. 41) define data as “stored representations of objects and events that 

have meaning and importance in the user’s environment” and information as “data that 

have been processed in such a way as to increase the knowledge of the person who uses 

the data”. English (1999) similarly presents information as a function f (Data, Metadata, 

Presentation) thus, data quality is determined by correct data values, consistent metadata 

definitions, and understandable presentation. Knowledge, according to Davenport & 

Prusak (1998, p. 4), is “a fluid mix of framed experience, values, contextual information, 

and expert insight that provides a framework for evaluating and incorporating new 

experiences and information. It originates and is applied “in the minds of knowers”. Peter 

Drucker (Drucker, 1989, p. 251) defines knowledge as “information that changes 

something or somebody, either by becoming grounds for actions, or by making an 

individual (or an institution) capable of different or more effective action”.  

In line with Lucas (2010, p. 162), “data quality is ultimately intended to increase the 

productivity of the knowledge worker to create value for the business, as well as to assure 

data risk management and compliance”. The term "knowledge worker" was coined by 

Peter Drucker in 1959, and while there are various definitions available, they typically 

vary only in minor details. Knowledge workers, according to Sveiby (1997) are highly 

trained and educated professionals whose job primarily consists of using their 

competencies to transform information into knowledge, often with the help of suppliers 

of information or specialized knowledge. According to  Drucker (2003, p. 169) “the most 

valuable asset of a twenty-first-century institution, whether business or non-business, will 

be its knowledge workers and their productivity”, and although the knowledge worker’s 

productivity depends on multiple factors, one is certainly related to the quality of data and 

information available.  

2.2 The Data Quality Concept 

Data quality (DQ) can be defined as “fitness for use by data consumers” (Wang & Strong, 

1993, p. 6). This definition takes the consumer viewpoint, in line with the general 
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literature on quality. Some of the more general definitions of data quality, all of which 

consider, directly or indirectly, the point of view of data consumers, are presented in Table 

I.  The related concept of "data quality dimension" can be defined as a “set of data quality 

attributes that represent a single aspect or concept of data quality” (Wang & Strong, 1993, 

p. 6). Examples of data quality dimensions are accuracy, timeliness, completeness, and 

consistency. High-quality data should be “intrinsically good, contextually appropriate for 

the task, clearly represented, and accessible to the data consumer” (Wang & Strong, 1993, 

p. 6). 

Table I – Data Quality Definitions 

Data quality is data that are fit for use by data consumers Wang & Strong (1993, p. 6)

Data are of high quality if they are fit for their intended uses 

in operations, decision making, and planning
Juran & Godfrey (1999, p. 998)

Data quality is the degree to which data is accurate, 

complete, timely, consistent with all requirements and 

business rules, and relevant for a given use

Mosley et al. (2008, p. 42)

Data quality is the "degree to which a set of inherent 

characteristics of data fulfills requirements"

(ISO Standard 8000 Part (2) Version (1) - 

Data Quality?: Vocabulary, 2017, p. 4)

Data quality is the "degree to which the characteristics of 

data satisfy stated and implied needs when used under 

specified conditions"

(ISO/IEC 25012, 2008, p. 3)

 

Universal (domain-independent) dimensions for data quality have been identified and 

described by means of three main scientific approaches and two ISO standards: 

- Theoretical (Wand & Wang, 1996);  

- Empirical (Wang & Strong, 1993); 

- Intuitive (Redman, 1996); 

- ISO/IEC (ISO/IEC 25012, 2008); 

- ISO 8000 (ISO 8000-8:2015, 2015).  

These approaches refer to both the data in extension, i.e., their values (English, 1999; ISO 

8000-8:2015, 2015; ISO/IEC 25012, 2008; Redman, 1996; Wand & Wang, 1996; Wang 

& Strong, 1993) and in intention, i.e., their models or database schemas and business rules 

that apply to the data (English, 1999; ISO 8000-8, 2015; Redman, 1996). Some authors  

(English, 1999; ISO 8000-8:2015, 2015; ISO/IEC 25012, 2008; Redman, 1996; Wang & 

Strong, 1993) also consider the following to be dimensions: data presentation and 

contextual data quality, as well as system-dependent dimensions, for instance, data 
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security and accessibility dimensions (ISO 8000-8:2015, 2015; ISO/IEC 25012, 2008; 

Wang & Strong, 1993).  

Regarding data model dimensions, both the professional and research literatures only 

consider intra-data model dimensions (those related to the conceptual and logical model 

of a specific database), eschewing inter-data model dimensions, which apply to the 

representation of the same entity in different databases.  Oliveira et al. (2005) present a 

detailed description of data quality problems that can appear when the same data exists 

in different databases. 

Although there are other approaches, they are less recognized than the five mentioned 

above and add very little to those analyzed in this document. 

2.3 The Theoretical Approach 

Wand & Wang (1996) base their analysis on ontological constructs and provide a 

theoretical approach to the information system “internal view” data quality dimensions. 

They make a distinction between the external and internal views of an information 

system, considering that the external view is focused on how an information system is 

used and what its impact is. By contrast, the internal view considers the requirements 

which reflect the external view and addresses the construction and operation of the 

information system to achieve the required functionality. 

In this approach the information system (IS) is viewed as a representation of a real-world 

system (RW), and RW is said to be properly represented if: “(1) an exhaustive mapping, 

RW → IS, exists, and (2) no two states in RW are translated into the same state in IS (the 

inverse mapping is a function”) (Wand & Wang, 1996, p. 91)(Figure 1).

 

Figure 1 - Proper representation of the real-world system 

Source: (Wand & Wang, 1996, p. 90) 
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Data shortcomings result from any divergence from proper representation, which can be 

caused by system design or system operation flaws. There are three types of design flaws: 

"incomplete representation," "ambiguous representation," and "meaningless states  

(Wand & Wang, 1996, p. 91) (Figure 2). 

 

Figure 2 - Incomplete, Ambiguous and Meaningless representations of the real world 

Source: (Wand & Wang, 1996, p. 90) 

 

Furthermore, a state in RW could be mapped to an erroneous state in IS during 

operation, a scenario known as garbling. The authors distinguish between two scenarios: 

mapping to a meaningless state (assuming meaningless states exist in the IS), or 

mapping to a meaningful but inaccurate IS state (Figure 3). 

 

Figure 3 - Garbling representations of the real-world system 

Source: (Wand & Wang, 1996, p. 91) 
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Using the literature and referring to the above-mentioned flaws, a set of data quality 

dimensions for the internal view (Wand & Wang, 1996, p. 93) is defined: 

Accuracy – “Inaccuracy indicates that IS represents a different RW state than the one that 

should have been represented”; 

Reliability – “Measure of agreement between expectations and capability, and as how 

data conforms with user requirements or reality”; 

Timeliness – “The delay between a change in the RW state and the consequent 

modification of the IS state. Due to a lack of timeliness, the IS may reflect the RW 

previous state”; 

Completeness – “An IS ability to represent any meaningful state of the depicted RW 

system”; 

Consistency – If more than one state of the IS matches a state of the RW system, data 

values must be consistent. 

It is considered that timeliness dimension belongs simultaneously to the internal and 

external views, and the remaining dimensions belong only to the internal view. 

2.4 The Empirical Approach 

Wang & Strong (1993) propose 15 data quality dimensions, which were developed 

through the analysis of two surveys to data consumers. The first survey intended to 

compile a comprehensive list of potential data quality dimensions, while the second 

assessed their relative values. The selected data quality dimensions are organized into 

four categories: intrinsic, contextual, representational, and accessibility (Figure 4).  
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Figure 4 - A Conceptual Framework for Data Quality Dimensions 

Adapted from (Wang & Strong, 1993, p. 20) 

 

The categories are defined as follows (Wang & Strong, 1993): 

- Intrinsic DQ - The degree to which data values are consistent with their true or actual 

values; 

- Contextual DQ – The extent to which data relate to or apply to the data user's task; 

- Representational DQ – The degree to which data are presented in a clear and 

understandable manner; 

- Accessibility DQ – The degree to which data are available or obtainable.  

Table II presents the definitions of dimensions  (Kahn et al., 2002).  
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Table II - Data Quality Dimensions 

Dimensions Definitions 

Believability The degree to which data are considered 

as true, real, and credible 

Accuracy The degree to which data are accurate, 

reliable, and error-free 

Objectivity The degree to which data are unbiased 

and impartial 

Reputation The extent to which data may be trusted 

or highly regarded in terms of their source 

or content, 

Value-Added The extent to which data are useful and 

produce benefits because of their use 

Relevancy The extent to which data are relevant and 

useful for the task at hand 

Timeliness The extent to which the data's age is 

acceptable for the task at hand 

Completeness The extent to which the data are sufficient 

in terms of breadth, depth, and scope for 

the task at hand 

Appropriate Amount of Data The extent to which the quantity or 

volume of data available is appropriate 

Interpretability The extent to which data are in acceptable 

language and units, and data definitions 

are clear 

Ease of Understanding The degree to which data are 

unambiguous and simple to understand 

Representational Consistency The degree to which data are always 

presented in the same manner and are 

interchangeable with previous data 

Concise Representation The degree to which data are compactly 

conveyed without becoming 

overwhelming (i.e., brief in presentation, 

yet complete and to the point) 

Accessibility The extent to which data are readily 

available or retrievable 

Access Security The degree to which data access can be 

restricted and hence maintained secure 

Source: (Kahn et al., 2002, p.187) 
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The data quality dimensions presented in Table II have now become largely accepted in 

the literature, for example in (Baskarada & Koronios, 2014; Madnick et al., 2009) 

2.5 The Intuitive Approach 

Redman (1996) defined data quality dimensions intuitively and organized them into three 

categories, namely conceptual schema, data values, and data format. These categories 

are presented respectively in Tables III, IV and V.  

Table III- Data Quality Dimensions of the Conceptual Schema 

Groups Dimensions Definitions 

Content 

Relevance 

The schema should supply the data that the 

applications require 

Obtainability Data values should be easily obtainable 

Clarity of 

Definition 

Each attribute in the schema definition should be 

clearly defined 

Scope 
Comprehensiveness Each needed attribute should be included 

Essentialness There should be no unnecessary attributes included 

Level of 

Detail 

Attribute 

Granularity 
To support applications, the attributes should be 

defined to the appropriate level of detail 

Domain Precision 

The possible value domains should be just large 

enough to support applications 

Composition 

Naturalness  
Each attribute in the schema should have a "natural" 

counterpart in the real world 

Identifiability  
Individual entities should be straightforward to 

recognize thanks to the schema 

Homogeneity  
Entity types should be defined to reduce the number 

of attributes that aren't needed 

Minimum 

Redundancy 
Redundancy should be reduced to a bare minimum 

Schema 

Consistency 

Semantic 

Consistency 

Consistency of the various components of the 

schema 

Structural 

Consistency 

Wherever possible, entity types and attributes should 

have the same basic structure 

Reaction to 

Change 

Robustness  

The schema should be sufficiently flexible such that 

it does not need to be changed every time an 

application change 

Flexibility The schema can be altered easily if necessary 

Adapted from Redman (1996, p. 247, 267) 
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Table IV - Data Quality Dimensions of Data Values 

Dimensions Definitions 

Accuracy 
The accuracy of a datum < e, a, v> refers to the value's proximity of a 

value v to some value v’ in the attribute domain that is thought to be the 

proper one for entity e and attribute a 

Consistency  
When it comes to a set of constraints, data are consistent if they satisfy all 

of them 

Completeness The degree to which values are present in a data collection 

Currency The degree to which a datum is up to date 

Adapted from Redman (1996, p. 254-263) 

Table V - Data Quality Dimensions of Data Formats 

Dimension Definitions 

Appropriateness 
If one format is better suited to user needs than another, it is more 

appropriate 

Interpretability A suitable format aids the user in appropriately interpreting values 

Portability Good formats are portable or universal 

Format 

precision 
Users must be able to distinguish between domain elements 

Format 

flexibility 

Changes in user requirements and recording media can be adjusted 

easily 

Ability to 

represent null 

values 

It is possible to distinguish null and default values from applicable 

values of the domain 

Efficient use of 

storage 

In terms of physical representation, efficiency is key. A code is more 

efficient than an icon 

Representation 

consistency 
There is coherence between physical data objects and their formats 

Adapted from Redman (1996, p. 260-263) 

2.6 The ISO/IEC 25012 Approach 

ISO/IEC 25012 (2008) classifies the dimensions of data quality into inherent data quality 

and system-dependent data quality. Using the term characteristics instead of dimensions, 

the standard defines inherent data quality as the degree to which quality characteristics 

of data have the inherent capacity to satisfy stated and implied needs. It defines system-

dependent data quality as the degree to which data quality is kept and preserved within a 

computer system when data are used under specified conditions. Table VI presents the 15 

data quality characteristics, and Table VII presents their definitions. 
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Table VI - Data Quality Model Characteristics 

Accuracy X

Completeness X

Consistency X

Credibility X

Currentness 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

Data Quality

Characteristics
Inherent

System 

dependent

 

Source: (ISO/IEC 25012, 2008, p. 5) 

 

Table VII - Data Quality Characteristics 

 

Source: (ISO/IEC 25012, 2008, pp. 6–10) 

 

  

Characteristic Definition

Accuracy 

The degree to which data have attributes that correctly represent the 

true value of the intended attributes of a concept or event in a specific 

context of use. It has two main aspects: 1. Syntactic accuracy is 

defined as the closeness of the data values to a set of values defined in 

a domain considered syntactically correct; 2. Semantic accuracy is 

defined as the closeness of the data values to a set of values defined in 

a domain considered semantically correct.

Completeness 

The degree to which subject data associated with an entity include 

values for all expected attributes and related entity instances in a 

specific context of use.

Consistency 

The degree to which data have attributes that are free from 

contradiction and are coherent with other data in a specific context of 

use. It can be either or both among data regarding one entity and across 

similar data for comparable entities.

Credibility 
The degree to which data have attributes that are regarded as true and 

believable by users in a specific context of use.
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Table VII - Data Quality Characteristics (continued) 

 

2.7 The ISO 8000-8 Approach 

ISO 8000-8:2015 (2015) defines the following three categories for data quality: 

- Syntactic quality, which is the extent to which the metadata's requirements—that 

is, the data's prescribed syntax—are met; 

- Semantic quality, which is the extent to which data match what they are supposed 

to portray; 

Characteristic Definition

Currentness 
The degree to which data have attributes that are of the right age in a 

specific context of use.

Accessibility 

The degree to which data can be accessed in a specific context of use, 

particularly by people who need supporting technology or special 

configuration because of some disability. 

Compliance

The degree to which data have attributes that adhere to standards, 

conventions or regulations in force and similar rules relating to data 

quality in a specific context of use.

Confidentiality 

The degree to which data have attributes that ensure that they are only 

accessible and interpretable by authorized users in a specific context 

of use. 

Efficiency 

The degree to which data have attributes that can be processed and 

provide the expected levels of performance by using the appropriate 

amounts and types of resources in a specific context of use. 

Precision 
The degree to which data have attributes that are exact or that provide 

discrimination in a specific context of use.

Traceability 

The degree to which data have attributes that provide an audit trail of 

access to the data and of any changes made to the data in a specific 

context of use.

Understandability

The degree to which data have attributes that enable them to be read 

and interpreted by users, and are expressed in appropriate languages, 

symbols and units in a specific context of use.

Availability 

The degree to which data have attributes that enable them to be 

retrieved by authorized users and/or applications in a specific context 

of use.

Portability 

The degree to which data have attributes that enable them to be 

installed, replaced or moved from one system to another preserving the 

existing quality in a specific context of use.

Recoverability 

The degree to which data have attributes that enable them to maintain 

and preserve a specified level of operations and quality, even in the 

event of failure, in a specific context of use.
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- Pragmatic quality, which is the extent to which data are deemed valuable and 

appropriate for a specific purpose. 

The dimensions of the three categories for data quality are described below. 

Table VIII – Syntactic Quality Category 

Dimension Definition 

Entity Integrity Every entity shall have a unique primary key 

Referential integrity Every entity that is referenced shall exist as an entity in its 

own right 

Domain integrity All attribute values shall be within the specified domain 

User defined integrity All user defined constraints shall be complied with 

Source: (ISO 8000-8:2015, 2015, p. 7) 

Table IX- Semantic Data Quality Category 

Dimension Definition 

Mapped completely 
Every entity inside the domain of interest must be 

represented 

Mapped consistently 

One of the following shall represent each entity in the 

domain of interest: 

- One identifiable data unit, at most; 

- Numerous identifiable units that are consistent; 

- Multiple identifiable units whose discrepancies are 

fixed in a reasonable amount of time 

Mapped meaningfully 
Each identifiable data unit shall represent at least one 

specific entity in the domain of interest 

Mapped unambiguously 
Each identifiable data unit shall represent at most one 

specific entity in the domain of interest 

Entities in the domain of 

interest mapped correctly 

Each identifiable data unit shall map to the correct entity 

in the domain of interest 

Properties mapped 

correctly 

All attribute values in an identifiable data unit shall match 

the property values for the represented entity in the domain 

of interest 

Source: (ISO 8000-8:2015, 2015, p. 3-4) 
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Table X – Pragmatic Data Quality Category 

Dimension Definition 

Accessible Information is easy and quick to retrieve 

Complete 

In a trustworthy 1:1 mapping, information is thought to be fully 

mapped to entities in the domain of interest. Users' perceptions of 

semantic quality are included in this component 

Flexible content 

The information content can be altered as needed, including the 

measurement units, degree of precision, and level of detail. Every 

important piece of metadata is available 

Flexible layout 
The layout can be modified as needed. It is possible to specify the 

data to retrieve and how they are formatted 

Secure 
The information is suitably shielded against misuse or harm 

(including illegal access, use, or dissemination) 

Useful 

The information is useful. The information is understandable, and 

suitable for its purpose, including cost and benefit aspects. The 

currency (age) of the data is appropriate for their use 

Source: (ISO 8000-8:2015, 2015, p. 8) 

2.8 Comparative Analysis of Dimensions 

According to the dimensions presented in the preceding sections, there is no agreement 

among the various authors on either the set of dimensions or the definitions of those with 

the same denomination. For instance, the definitions of timeliness in the theoretical and 

empirical approaches differ as explained below. There follows a synthesis of the different 

approaches, a brief comparison of the dimensions of time and consistency or coherence 

of data values, and a note on data quality in big data.  

To compare the different approaches, we will borrow the categories of the empirical 

approach (Wang & Strong, 1993) and their definitions, namely Intrinsic DQ, Contextual 

DQ, Representational DQ and Accessibility DQ, renaming the latter System Dependent 

DQ for the sake of completeness. We also add a category Schema DQ, defined as the 

quality of the logical schema, to accommodate the "Conceptual Schema" category from 

the intuitive approach (Redman, 1996) and "Syntactic Quality" from ISO (ISO 8000-

8:2015, 2015). Table XI below presents the mapping of approaches into the categories.  
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Table XI – Approaches vs Categories 

 Category                 

Approach

Theoretical Yes Yes No No No

Empirical Yes Yes Yes Yes No

Intuitive Yes Yes Yes No Yes

ISO/IEC 25012  Yes Yes Yes Yes No

ISO 8000-8 Yes Yes Yes Yes Yes

Intrinsic 

DQ

Contextual 

DQ

Representa

tional DQ

System 

Dependent 

DQ

Schema DQ

 

Source: the author 

The results show that ISO 8000-8 is the only approach that satisfies all categories, and 

that the theoretical approach only satisfies Intrinsic DQ and Contextual DQ, because the 

authors assume they only consider the internal view of the system, that deals with the 

requirements which reflect the external view and addresses the construction and operation 

of the information system to achieve the required functionality. The only approaches that 

comply with Schema DQ category are the Intuitive and ISO 8000-8, and the Intuitive 

approach does not consider the System Dependent DQ category. 

With regard to time dimensions, timeliness in the theoretical approach represents the same 

dimension as currency in the intuitive approach, representing the “degree to which a 

datum is up-to-date” (Redman, 1996) and timeliness in the empirical approach has the 

same meaning as currentness in the ISO/IEC 25012  and represents “the extent to which 

the age of the data is appropriate for the task at hand” (ISO/IEC 25012, 2008; Wang & 

Strong, 1993). Thus, data that are not up to date can have good timeliness if they are 

appropriate for the task at hand, such as data used in longitudinal studies.  

Batini & Scannapieco (2006, p. 29) clearly define three time-related dimensions: 

- Currency concerns how promptly data are updated; 

- Volatility characterizes the frequency with which data vary in time; 

- Timeliness expresses how current data are for the task at hand. 

It should be noted that the standard ISO/IEC 25012 (2008) presents interesting 

dimensions to consider, namely compliance and traceability important, for example, for 
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the bank’s compatibility with the standard BCBS 2394 (Principles for Effective Risk Data 

Aggregation and Risk Reporting, 2013), with which they must comply.  

Although the consistency or coherence of data values dimension is defined in several 

studies (Batini & Scannapieco, 2006; ISO 8000-8:2015, 2015; ISO/IEC 25012, 2008; 

Redman, 1996; Wand & Wang, 1996), the definitions are always very general, without 

specifying whether the coherence is within one database or between several databases. 

Moreover, the consistency of the same data in different databases is never mentioned, a 

problem that has already been noted regarding inter-model or inter-schema dimensions. 

Notwithstanding this absence, definitions that include inter-model coherence in the 

dimension of coherence do appear in the literature. In a health report on patient registries 

Zaletel & Kralj (2015, p. 64) define the data quality dimension coherence (or consistency) 

as “coherence that covers the internal consistency of a data collection as well as its 

comparability both over time and with other data sources”. Similarly, in a survey of the 

literature on data quality dimensions, DAMA The Netherlands (DAMA NL) Black & van 

Nederpelt (2020, p. 52) define coherence as “the degree to which datasets can be 

combined”, but unfortunately, they do not provide a bibliographic reference that supports 

their definition. 

Oliveira et al. (2005) present a detailed description of data quality problems that can 

appear when the same data exists in different databases. 

One last consideration relates to the data quality dimensions of big data. The little 

literature available states that many of the dimensions of structured data apply to big data. 

Nevertheless, in some cases the definitions differ, and the redefinition of the dimensions 

depends on the type of data, such as maps, semi structured texts or linked open data 

(Batini et al., 2015; Gabr et al., 2021; Ramasamy & Chowdhury, 2020). 

2.9 Data Quality Management and Data Governance 

Data Quality Management (DQM) can be defined as the “quality-oriented management 

of data as an asset” (Weber et al., 2009, p 4:4), that is, the “the application of total quality 

management (TQM) concepts and practices to improve data and information quality, 

 

4 The purpose of these rules is to improve banks' risk management. 
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including setting data quality policies and guidelines, data quality measurement 

(including data quality auditing and certification), data quality analysis, data cleansing 

and correction, data quality process improvement, and data quality education” (DAMA, 

2008, p. 43). According to (ISO Standard 8000 Part (2) Version (1) - Data Quality: 

Vocabulary, (2017, p. 4), data quality management is a set of “coordinated activities to 

direct and control an organization with regard to data quality”. 

To be effective, data quality management must go beyond repairing bad data to prevent 

data quality issues by managing data throughout their life cycle to meet the information 

needs of its stakeholders. Furthermore, to address both organizational and technological 

viewpoints, DQM must break down the stovepipes that segregate data across business 

units and foster collaboration between business and IT divisions. This approach requires 

a significant cultural shift, requiring leadership, authority, control, and resource 

allocation. As a result, it needs governance, particularly data governance (DG) (Lucas, 

2010, p. 163), which can be defined as “the exercise of authority, control and shared 

decision making (planning, monitoring, and enforcement) over the management of data 

assets” (DAMA, 2017, p. 67). 

 

 

Figure 5 - DAMA-DMBOK2 Data Management Framework 

Source: (DAMA, 2017, p. 449) 
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Nevertheless, DG does not equal DQM (Figure 5), either regarding the entity that makes 

the decisions or to their scope. The board of directors and executive management are 

responsible for DG, which is primarily focused on the business environment and strategic 

directions, encompassing topics other than DQM, such as data security and privacy and 

information life-cycle management (IBM Data Governance Council, 2007). 

Organizations can use data governance to establish corporate-wide DQM accountability, 

involving professionals from both the business and IT departments (Wende, 2007). 

Khatri & Brown (2010) identify five decision domains for Data Governance, one of which 

is data quality (Figure 6). 

 

Figure 6 – Decision Domains for Data Governance 

Source: (Khatri & Brown, 2010, p. 149) 

2.10 Roles and responsibilities in the Data Quality Management Approach 

Literature - whether from academic or professional sources - presents a set of roles and 

responsibilities along with their definitions related to the management of data, considered 

to be a corporate asset. Table XII presents a non-exhaustive set of roles and 

responsibilities within the DQM approach, which we are using in this study. 
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Table XII – DQM Roles 

Role Description 

Data Owner 

(DO) 

“An individual responsible for policy and practice decisions about data. 

For business data, the individual may be called a business owner of the 

data” (DAMA, 2008, p. 42). 

Data Steward 

(DS) 

According to DAMA (2008, p. 45), a “DS is a business leader and/or 

subject matter expert designated as accountable for:  

- The identification of operational and business intelligence data 

requirements within an assigned subject area; 

- The quality of data names, business definitions, and domain 

values within an assigned subject area; 

- Compliance with regulatory requirements and conformance to 

internal data policies and data standards; 

- Application of appropriate security controls;  

- Analysis and improvement of data quality; 

- Identification and solution of data-related issues.” 

There are different types of Data Stewards, and we will present the most 

widely used: Business Data Stewards (BDS) and Technical Data 

Stewards (TDS). 

Business Data Stewards (BDS) – “A knowledge worker, business leader 

and recognized subject matter expert assigned accountability for the data 

specifications and data quality of specifically assigned business entities, 

subject areas or databases” (DAMA, 2008, p. 17) 

Technical Data Stewards (TDS) - TDS “provide support and are 

associated with specific systems, applications, data stores and technical 

processes such as Identity Resolution, data quality rule enforcement, and 

Extract, Transform and Load (ETL)” (Plotkin, 2021, p.32) 

Data 

Custodian 

(DC) 

“An IT individual or organization responsible for the IT infrastructure 

providing and protecting data in conformance with the policies and 

practices prescribed by data governance” (DAMA, 2008, p. 36) 

Data Quality 

Champion 

(DQC) 

According to Tee et al. (2007, p. 338), DQCs “are managers who 

actively and vigorously promote their vision for using data quality-

related technology innovations. They push projects through approvals, 

provide political support, keep participants informed, and allocate 

resources to data quality projects” 

Process Owner 

(PO) 

PO has “end-to-end responsibility for critical information chains” 

(Redman, 1996, p. 274) 
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Table XII – DQM Roles (continued) 

Role Description 

Chief Data 

Officer 

(CDO) 

A Chief Data Officer (CDO) “assists in bridging the technological and 

business divide. At a senior level, this person promotes an enterprise-

wide data management strategy. The CDO oversees data management 

activities, which enable a business to take advantage of its data assets 

and create a competitive advantage. A CDO is a mix of business 

strategist, consultant, data quality guardian, and data management 

evangelist” (Knight, 2021) 

 

2.11 Critical Success Factors 

The concept of Critical Success Factor (CSF) was introduced by D. Ronald Daniel in 

1961 (Daniel, 1961) and further popularized by John F. Rockart (Rockart, 1979) 

According to Rockart (1979, p. 85), 

Critical success factors are, for any business, the limited number of areas 

in which results, if they are satisfactory, will ensure successful competitive 

performance for the organization. 

In the context of this work and in line with Rockart, we define critical success factors for 

data quality management as the limited number of areas in which results, if they are 

satisfactory, will ensure data with better quality. 

In his seminal work on Critical Success Factors, and based on case studies, Rockart 

(1979) states that CSFs differ among companies, even in the same industry, and even 

among managers. He, nevertheless, suggests that certain CSFs are “all-encompassing 

industry-based factors” and the rest “are generated by differences in environmental 

situation, temporal factors, geographic location, or strategic situation” (Rockart, 1979, p. 

87). 

Rockart (1979) categorized CSFs into two groups: monitoring and building. The CSFs in 

the former group serve, as the name implies, to monitor the current results, and the CSFs 

in the latter group are oriented towards building for the future. 

2.12 Critical Success Factors for Data Quality Management 

The literature on CSFs for data quality management is scarce, with previous studies 

dealing with their identification and rating (Akpon-Ebiyomare et al., 2012; Baskarada & 
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Koronios, 2014; Santos, 2015; Xu, 2015; Xu & Lu, 2003). Some papers rate CSFs in 

different industries (Xu & Lu, 2003) or different sized organizations (Xu, 2003), while 

others only rate the social, cultural, and organizational CSFs. Given this situation, it was 

decided to start the literature review by CSFs for Total Quality Management (TQM) 

because it is a much more mature subject. Furthermore, data quality management can be 

considered a sub-area of TQM, because there is an analogy between the quality aspects 

between the manufacturing of products and those of information (Wang, 1998). 

The literature review on CSFs for TQM is based on a review of papers that are themselves 

literature reviews (Black & Porter, 1996; Hietschold et al., 2014; Porter & Parker, 1993; 

Saraph et al., 1989). It also covers the criteria underlying two important quality awards, 

one for the USA, Malcolm Baldrige National Quality Award (NIST, 2017) and the other 

for Europe, EFQM5 Excellence Model (EFQM, 2013) and the ISO Quality Management 

Principles (ISO 9001:2015, 2015). 

Table XIII summarizes the literature review on CSFs for TQM and Table XIV on CSFs 

for DQM. Table XV explains each CSF for DQM.  

 

 

5 The European Foundation for Quality Management 
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Table XIII - Critical Success Factors for Total Quality Management 

 

Nb
Critical Success 

Factors

Saraph, Benson, 

Schroeder (1989)

Hietschold, Reinhardt, 

Gurtner (2014)
Porter &Parker (1993) Black & Porter (1996)

EFQM Excelence Model 

(2013)

Malcolm Baldrige National 

Quality Award         

NIST(2017) 

ISO Quality Management 

Principles ISO 9001:2015 

(2015)

1

Management 

commitment and 

leadership

The role of management 

leadership and quality policy

Top management 

commitment and leadership
Management behavior Strategic quality management Leadership

Leadership/ Results 

(Leadership and governance 

results)

Leadership

2
Organization for 

quality
Role of quality department Organization

Teamwork structures for 

improvement

3
Training and 

learning
Training Training and learning Training and education

Communication of 

Improvement Information
Workforce

4
Product/Service 

Design
Product/Service Design

External Interface 

Management
Operations

5
Supplier 

parnership
Supplier quality management Supplier parnership Supplier partnerships Partnership and resources Relationship management

6
Process 

management
Process management Process management

Process Management and 

systems

Quality Improvement 

Measurement Systems 

/Stategic Quality 

Management

Processes, products and 

services
Operations Process approach

7
Quality data and 

reporting
Quality data and reporting Information/analysis/data Quality Technologies

Quality Improvement 

Measurement Systems / 

Strategic quality management

Measurement, analysis, and 

knowledge management

Evidence-based decision 

making

8
Employee 

involvement
Employee relations HRM/recognition/teamwork Employee involvement

People and Customer 

Management/Strategic quality 

management

People/People results
Workforce/ Results 

(Workforce-Focused Results)
Engagement of people

9
Customer focus 

and satisfaction

Customer focus and 

satisfaction

People and Customer 

Management/Customer 

Satisfaction Orientation/ 

Erternal Interface 

Management

Customer results
Customers/ Results: 

(Customer focused results)
Customer focus

10
Strategic quality 

planning
Strategic quality planning Strategy

Strategic Quality 

Management
Strategy Strategy
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Table XIII– Critical Success Factors for Total Quality Management (continued) 

 

In the construction of the CSF for the DQM list, we removed the CSF Benchmarking and Social and Environmental Responsibility because they 

are not referenced in the DQM literature (see Table XIV). 

 

 

 

 

 

 

 

Nb
Critical Success 

Factors

Saraph, Benson, 

Schroeder (1989)

Hietschold, Reinhardt, 

Gurtner (2014)
Porter &Parker (1993) Black & Porter (1996)

EFQM Excelence Model 

(2013)

Malcolm Baldrige National 

Quality Award         

NIST(2017) 

ISO Quality Management 

Principles ISO 9001:2015 

(2015)

11 Operations
Operational quality 

management

Operations/Results (Product 

and process results)

12
Culture and 

communication
Culture and communication Communication

Communication of 

Improvement Information/ 

Corporate quality culture

People

13 Benchmarking Benchmarking
Customer Satisfaction 

Orientation

14

Social and 

environmental 

responsibility 

Social and environmental 

responsibility 

External Interface 

Management
Society results

Leadership (Governance and 

societal responsibilities)

15
Continuous 

improvement
Improvement
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Table XIV - Critical Success Factors for Data Quality Management 

 

Nb Critical Success Factors CSF for TQM
Baškarada & Koronios 

(2014)

Xu, Koronios & Brown 

(2003)
Xu (2015)  

Akpon-Ebiyomare et 

al. (2012)

1

Management commitment 

and leadership

Management commitment 

and leadership

Information quality 

management governance

Top management / Middle 

management commitment 

to DQ

Top management/Middle 

management 

commitment to DQ

Management 

commitment & 

support

2

Organization for quality Organization for quality Organizational structure

Appropriate 

organizational 

structure/Establish DQ 

manager position

3
Training Training and learning Training Education and training Education and training

Training and 

communication

4

Information quality 

requirements management
Product/Service Design

Information quality 

requirements management

5
Supplier parnership Supplier parnership

Data supplier quality 

management

Data supplier quality 

management

Information supplier 

quality management

6

Information product 

lifecycle management
Process management

Information product 

lifecycle management

7

Information quality 

assessment/monitoring
Quality data and reporting

Information quality 

assessment/monitoring

Measurement and 

reporting

8

Teamwork Employee involvement Teamwork Teamwork

Teamwork between 

different departments 

and within 

departments

9

Customer focus and 

satisfaction

Customer focus and 

satisfaction

Information quality 

requirements management
Customer focus User focus

Customer focus/User 

involvement

10

Strategic Data Quality 

Planning
Strategic quality planning
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Table XIV– Critical Success Factors to Data Quality Management (continued) 

 

Nb Critical Success Factors CSF for TQM
Baškarada & Koronios 

(2014)

Xu, Koronios & Brown 

(2003)
Xu (2015)  

Akpon-Ebiyomare et 

al. (2012)

11

Continuuous information 

quality management 

improvement

Operations

Continuuous information 

quality management 

improvement

12

Culture and 

communication

Culture and 

communication

Organizational culture of 

focusing on DQ

Organizational culture of 

focusing on DQ/Clear 

DQ vision for entire 

organization

Training and 

communication

13
Continuous improvement Continuous improvement

Continuous information 

quality improvement
Continuous improvement

Continuous 

improvement

Continuous 

improvement

14

Information architecture 

management

Information architecture 

management

15

Information security 

management

Information security 

management

16
Storage management Storage management

17
Risk management

Information quality risk 

management
Risk management Risk management

18

Physical environment Physical environment Physical environment

Conducive physical 

environment/continuo

us power supply

19

Understanding of the 

systems and DQ

Understanding of the 

systems and DQ

Understanding the 

system and 

importance of DQ
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Table XIV– Critical Success Factors for Data Quality Management (continued) 

 

Note: AIS means Accounting Information System

Nb Critical Success Factors CSF for TQM
Baškarada & Koronios 

(2014)

Xu, Koronios & Brown 

(2003)
Xu (2015)  

Akpon-Ebiyomare et 

al. (2012)

20
Personnel competency Personnel competency Personnel competency

21
DQ policies and standards

DQ policies and 

standards

DQ policies and 

standards

DQ policies and 

standards

22

DQ controls/Input 

Controls

DQ controls/ Input 

Controls

DQ controls/Input 

Controls/Internal 

controls

DQ  controls & 

improvement/Input 

controls/Internal 

controls

23
Nature of the IS Nature of the IS Nature of the AIS Nature of IS

24
Employee relations Employee relations

Effective employee 

relations

Employee personnel 

relations

25 Management of changes Management of changes Management of changes Clange management

26 Audit and reviews Audit and reviews Audit and reviews

27

Evaluate cost/benefit trade-

offs
Continuous improvement

Evaluate cost/benefit 

trade-offs

Evaluate cost/benefit 

trade-offs
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Table XV - Identification and Explanation of CSFs for DQM 

Nb CSF Explanation of CSF 

1 

Management 

commitment and 

leadership 

Top management must lay a solid foundation of 

clear values and policies, as well as give the 

necessary resources (Hietschold et al., 2014). A 

hierarchical structure with clear descriptions of 

essential roles and responsibilities is required 

(Baškarada & Koronios, 2014). 

2 Organization for quality 

A good organizational structure can help in the 

generation of high-quality data (Xu et al., 2003). 

Define responsibilities for the DQ: identify the 

owners and custodians; appointment of data 

stewards and a data champion; appoint an expert or 

a group of people as DQ managers (Santos, 2015). 

3 Training 

Employee engagement and empowerment require 

knowledge of data quality concepts, methods, and 

tools (Hietschold et al., 2014). Training needs 

should be recognized and documented, and 

training workshops should be held on a regular 

basis. Mentoring programs should ensure on-the-

job professional development in addition to formal 

training (Baškarada & Koronios, 2014). 

4 
Data quality requirements 

management 

Identify all relevant stakeholders, collect their 

requirements, then model them (Baskarada & 

Koronios, 2014). 

5 Supplier Partnership 

Data supplier quality management entails 

establishing a successful data quality management 

relationship with raw data suppliers, which 

consists of two key components: 

1. To come to an agreement on the acceptable level 

of raw data quality, including requirements for 

availability, timeliness, accuracy, and 

completeness; 

2. To provide data suppliers with regular data 

quality reports and technical assistance (Xu et al., 

2003). 

6 
Data Product Lifecycle 

Management 

Effective data quality management requires 

managing data as a product as well as efficiently 

managing information processes (life cycles of 

critical information products). Identifying and 

documenting the data flow within the business, as 

well as between the organization and any external 

parties, is one of the aspects of this CSF 

(Baškarada & Koronios, 2014). Process ownership 

(process owners), boundaries, and steps are all 

well-defined (Saraph et al., 1989). 
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Table XV– Identification and Explanation of CSFs for DQM (continued) 

Nb CSF Explanation of CSF 

7 
Data quality 

assessment/monitoring 

Prior to attempting any DQ improvements, the 

existing status of DQ must be assessed, and 

qualitative and quantitative metrics must be 

developed and used (DQ-KPI) (Baškarada & 

Koronios, 2014). Except for accuracy, profiling tools 

can be used to access most of the data quality 

dimensions. 

8 Teamwork 

Improving data quality requires employee 

empowerment, as well as the assignment of DQ roles 

(see Table XII) and collaboration between business 

and IT personnel (Xu et al., 2003). 

9 
Customer focus and 

satisfaction 

Concentrate on the wants and demands of data 

clients in terms of quality. Allow users to actively 

participate in data quality assurance and 

improvement (Xu et al., 2003). 

10 
Strategic Data Quality 

Planning 

To achieve consistent and long-term excellence, 

companies must incorporate data quality into their 

organizational strategy. Organizations cannot set 

clear goals and priorities for data consumers without 

a strategic quality plan (Hietschold et al., 2014). 

11 

Continuous Data 

quality management 

improvement 

Continuous DQM improvement entails developing 

qualitative and quantitative DQM metrics, also 

known as Key Performance Indicators (DQM-KPIs) 

and using them to track the performance of an 

organization's DQM activities over time (Baškarada 

& Koronios, 2014). 

12 
Culture and 

communication 

Encouragement of a data quality improvement 

culture within the organization (Black & Porter, 

1996). 

Communication is considered a two-way process, 

with channels for feedback available.  

Communication is viewed as an ongoing process, 

with attention given to approaches of reinforcing the 

concepts in the future (Porter & Parker, 1993) 

13 
Continuous 

improvement 

To retain the organization's long-term competitive 

advantages, ongoing focus and improvement of DQ is 

necessary. As a result, constant and consistent 

improvement of machine and human data quality 

controls is required (Xu et al., 2003). 

14 
Data architecture 

management 

The mapping of linkages between business processes, 

the logical data model, software, and hardware is part 

of this CSF. The logical business data model must be 

mapped into the software layer (i.e., various physical 

model instances), which must then be mapped into the 

hardware layer (Baškarada & Koronios, 2014). 
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Table XV– Identification and Explanation of CSFs for DQM (continued) 

Nb CSF Explanation of CSF 

15 

Data security 

management 

 

Access security is a critical DQ dimension, and data 

security management requires the implementation of 

effective access controls that ensure that all users are 

properly authenticated and authorized with the bare 

minimum of privileges. IS developers, for example, 

should not be given access to the production 

environment. Audit trails (logs of users' activities on 

the IS) must also be analyzed (for example, for 

exceptions) and reviewed on a regular basis 

(Baškarada & Koronios, 2014). 

16 Storage management 

Effective storage management is essential to ensure 

that data are accessible in the long run (Baškarada & 

Koronios, 2014). Implement data reuse and 

preservation practices (Santos, 2015). 

17 Risk management 

Risk management can be defined as the awareness of 

the implications of poor DQ and the level of 

commitment to reducing them (Xu et al., 2003). DQ 

risks to company objectives (such as financial, 

reputational, and regulatory risks) must be 

diagnosed, documented, assessed, categorized, 

prioritized, and mitigated/controlled. Effective DQ 

Risk Management should allow organizations to 

concentrate their DQM efforts on the most critical 

information products, resulting in increased DQM 

efficiency and effectiveness (Baškarada & Koronios, 

2014). 

18 Physical Environment 

This entails a comfortable physical working 

environment, such as a modern setting with air 

conditioning and sufficient workspace (Xu et al., 

2003). 

19 

Understanding of the 

information systems 

and DQ 

Personnel participating in information systems must 

understand how information systems work (technical 

competence) and the importance of data quality (Xu 

et al., 2003). 

20 Personnel competency 

The ability of employees in charge of IS is especially 

important; for example, exceptionally talented and 

knowledgeable personnel in both technical and 

business areas are required (Xu et al., 2003). 

21 
DQ policies and 

standards 

Simple, relevant, and consistent data quality policies 

and standards must be in place inside the 

organization.  
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Table XV– Identification and Explanation of CSFs for DQM (continued) 

Nb CSF Explanation of CSF 

21 

(cont) 

DQ policies and 

standards (cont) 

It is made up of two primary parts: 

1. Establishing specified and relevant data quality 

policies and standards; 

2. Policies and standards implementation and 

enforcement (Xu et al., 2003). 

22 
DQ controls/Input 

Controls 

For DQ improvement activities, proper DQ controls, 

processes, and procedures (particularly input controls 

should be in place) (Xu et al., 2003). 

23 Nature of the IS 

According to (Xu et al., 2003) this entails having 

appropriate systems/packages, which comprise the 

following elements: 

1. The system is simple and intuitive to use 

2. It performs as much data validation as feasible 

automatically (based upon business rules, etc.) 

3. Documentation is enough and sufficient for 

individuals to follow 

4. The system is easy to modify/upgrade 

5. The system is well-established (stable) 

6. The system is modern (adopt new technology) 

7. The system is integrated and easily interpretable 

8. The system has data management strategies that work, 

such as a centralized database and a data warehouse 

24 Employee relations 

Employee self-satisfaction, job security, and career 

advancement are all high priorities. Employees that are 

happy and fulfilled generate higher-quality work (Xu et 

al., 2003). 

25 
Management of 

changes 

This is the ability and skill of the organization to manage 

internal and external changes. Examples of internal 

changes include organizational restructurings, the 

introduction of new technology, and staff changes. 

Examples of external changes include government 

regulations, technology, the economy, and market 

changes (Xu et al., 2003). 

26 Audit and reviews 

It is important to conduct independent internal and 

external audits of the systems and data quality to ensure 

that appropriate controls are in place. It is also important 

to conduct regular data quality reviews (Xu et al., 2003). 

27 

Evaluate 

cost/benefit trade-

offs 

It is critical to evaluate the costs of poor DQ and 

corresponding improvement activities, as well as any 

potential benefits or cost savings that may result from 

any process enhancements, before moving forward with 

any process improvements (Baškarada & Koronios, 

2014). 
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3 PHILOSOPHICAL PERSPECTIVE AND RESEARCH DESIGN 

3.1 Introduction 

In general terms, research consists of imaginative and methodical labor carried out to expand 

the body of knowledge about a phenomenon. This includes knowledge about people, culture, 

and society. Research can also come up with fresh uses for the knowledge already in existence 

(OECD, 2015). It is an essential procedure that entails posing and trying to address worldly 

questions (Dane, 1990). Considering the research paradigm that we will use in this thesis, and 

which will be presented later in this chapter, we will consider research as “a process through 

which we attempt to achieve systematically and with the support of data the answer to a 

question, the resolution of a problem, or a greater understanding of a phenomenon” (Hevner & 

Chatterjee, 2010, p. 3).  

Research on information systems should be both rigorous and relevant (Benbasat & Zmud, 

1999; Lucas & Palma-dos-reis, 2008; Zmud, 1996). According to (Zmud, 1996, p. xxxvii) 

“rigorous research means that it demonstrates a soundness regarding its theoretical and 

conceptual development, its methodological design and execution, its interpretation of findings, 

and its use of these findings in extending theory or developing new theory”. Relevant research 

implies that it demonstrates “a meaningfulness regarding its application to the significant 

problems and opportunities being faced by today's organizations and their members”(Zmud, 

1996, p. xxxvii). The research presented in this thesis, which aims to be both rigorous and 

relevant, can be considered “pragmatic science”  (Anderson et al. (2001) (Figure 7).  

 

Figure 7 - Typology of Research 

Source: (Anderson et al., 2001, p. 394) 
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3.2 Research Paradigms 

Research paradigms are the ways of thinking about the world, which comprise the researcher’s 

beliefs and philosophical assumptions about the nature of the world and how it can be 

understood (Alele & Malau-Aduli, 2023). The four philosophical components of research 

paradigms are methodology, ontology, axiology, and epistemology. These four components 

guide the planning and execution of research projects (Wahyuni, 2012).  

 

Figure 8 – Research Paradigms 

Source: (Alele & Malau-Aduli, 2023) 

 

The four components of a research paradigm are defined below. 

Ontology 

“Ontology is the branch of philosophy that deals with theories about the structure and behavior 

of the worlds that humans perceive” (Wand & Weber, 2004, p. iii). Ontology helps to 

conceptualize the form and nature of reality and what we believe can be known about it. It 

prompts us to consider things like: is the social environment a construct of one's own mind, or 

is there reality out there? What makes reality what it is? (Kivunja & Kuyini, 2017). 
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Epistemology 

Epistemology encompasses assumptions regarding knowledge, what qualifies as acceptable, 

legitimate, and genuine knowledge, and how we might impart information to others (Saunders 

et al., 2019). 

Axiology 

The term "axiology" describes the ethical considerations that must be made when planning a 

research project. This entails identifying, assessing, and comprehending notions of appropriate 

and inappropriate behavior in relation to the research (Kivunja & Kuyini, 2017). 

Methodology 

The general word "methodology" refers to the research design, methods, approaches, and 

procedures used in a well-planned investigation to ascertain something. The methodology 

describes the reasoning and progression of the methodical procedures carried out in a research 

endeavor to learn more about a research subject (Kivunja & Kuyini, 2017). 

3.3 Paradigms in Information Systems Research 

Some authors refer to paradigms as philosophies, which are often used interchangeably to 

describe assumptions researchers make in their work (Saunders et al., 2019). The three 

paradigms that are most frequently applied in information systems research will be analyzed 

below. 

Positivism 

According to positivism, which is associated with the natural scientist's philosophical 

perspective, creating law-like generalizations requires dealing with an observable social reality, 

which guarantees precise and accurate knowledge. The term positivism describes the 

significance of what is "posited," or "given”. This highlights the positivist emphasis on a 

rigorously scientific empiricist approach intended to produce pure data and facts free from 

prejudice or human interpretation (Saunders et al., 2019). 
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Table XVI – The Components of Positivism 

 

Source: Saunders et al. (2019, p. 144) 

A positivist researcher may base his/her hypothesis development on preexisting theory. These 

statements provide hypothetical explanations that can be tested and confirmed, in whole or part, 

or refuted, which encourages the development of theory and its potential testing through 

additional studies. To facilitate replication, positivist researchers are likely to employ a highly 

structured methodology. Moreover, the focus is on measurable findings that are amenable to 

statistical analyses (Saunders et al., 2019). 

Interpretivism 

Interpretivism contends that because physical phenomena cannot be examined in the same way 

as people and their social environments, social science research must diverge from that of the 

natural sciences rather than attempt to mimic the former. Interpretivists criticize positivist 

attempts to find clear-cut, universal "laws" that apply to everyone because different people from 

different cultural backgrounds, in different situations and at different times create and 

experience different social realities. Rather, they think that if such complexity is completely 

reduced to a set of law-like generalizations, then significant insights into mankind are lost. 
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Table XVII – The Components of Interpretivism 

 

Source: Saunders et al. (2019, p. 145) 

Critical Realism 

Critical realists prioritize reality over all other philosophical issues, with a well-organized and 

multi-layered ontology being essential. Critical realists hold that although reality is external and 

autonomous, it is not directly accessible to us through observation or knowledge. Instead of the 

actual things, what we feel are some of the manifestations of the things in the real world, or 

what is known as "the empirical” or sensations. Thus, the goal of critical realism research is to 

explain observable organizational occurrences by identifying the underlying causes and 

mechanisms that determine the day-to-day operations of organizations through deeply 

ingrained social structures (Saunders et al., 2019). 

Table XVIII- The Components of Critical Realism 

 

 

 

 

In her seminal work “The Nature of Theory in Information Systems” (Gregor, 2006)Shirley 

Gregor comes up with a taxonomy of theory types in information systems research that is 

presented in the table below. 

Source: Saunders et al. (2019, p. 144) 
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Critical Realism lies between the interpretive perspective that reality is a mental construct and 

the positivist notion that there is a "world out there" independent of our interpretations. The 

goal of realistic research is to find generative mechanisms rather than predictive theories 

because realists argue that although the "world out there exists, it may not be feasible to perceive 

its essence” (Caldeira, 2000, p. 78). “Critical realists see reality as external and independent, 

but not directly accessible through our observation and knowledge of it” (Saunders et al., 2019, 

p. 147). Bhaskar (1978), cited by Caldeira (2000), distinguished three categories of reality: the 

empirical, the actual, and the real, to categorize experiences, events, and mechanisms (Figure 

9). 

 

Figure 9 – Critical Realism Stratified Ontology 

Source: (Saunders et al., 2019, p. 148) 

 

In this thesis, we will apply the Critical Realism Paradigm because of our presumptions on the 

nature of the phenomenon being studied (a framework of CSFs for data quality management) 

and our perspective on the methods by which knowledge can be acquired. 

3.4 Research Design 

This research aims to answer two questions: 

What are the critical success factors for data quality management? and 

What are the priorities for implementing CSFs according to their importance? 
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The IS discipline sits at the intersection of people, organizations, and technology (Hevner et al., 

2004). As a result, research on information systems varies regarding its purpose. The following 

table displays Gregor’s (2006) taxonomy for the types of theory in the field of information 

systems research. 

Table XIX - A Taxonomy of Theory Types in Information Systems Research 

 

Source: (Gregor, 2006 p. 620) 

To address the research questions, this research aims to create a list of CSFs for data quality 

management, and to determine a priority for their implementation according to their 

importance. These outcomes can be considered an artifact, thus setting our research in type V 

theory type (design and action) of table XIX. Hevner et al. (2004) characterize an artifact as a 

construct, a model, a method, or an instantiation. Artifacts are “broadly defined as constructs 

(vocabulary and symbols), models (abstractions and representations), methods (algorithms and 

practices), and instantiations (implemented and prototype systems)” (Hevner et al., 2004, p. 

77).  

Constructs “provide the vocabulary and symbols used to define problems and solutions” 

(Hevner et al., 2004, p. 83). As an example, the authors present the entity relationship model 

by Chen. Models are higher order constructions using constructs, used to describe tasks, 

situations, or artifacts (March & Smith, 1995) and methods are ways used to carry out goal-

oriented activities (March & Smith, 1995). Instantiations might take the shape of software or 

intellectual tools designed to streamline the information system development process (Hevner 

et al., 2004). 

Theory Type Distinguishing Attributes

I. Analysis

Says what is.                                                                                                                 

The theory does not extend beyond analysis and description. No causal 

relationships among phenomena are specified and no predictions are made.

II. Explanation

Says what is, how, why, when, and where.                                                               

The theory provides explanations but does not aim to predict with any precision. 

There are no testable propositions.

III. Prediction
Says what is and what will be. The theory provides predictions and has testable 

propositions but does not have well-developed justificatory causal explanations.

IV. Explanation and 

prediction (EP)

Says what is, how, why, when, where, and what will be.                               

Provides predictions and has both testable propositions and causal explanations.

V. Design and action 

Says how to do something.                                                                                    

The theory gives explicit prescriptions (e.g., methods, techniques, principles of 

form and function) for constructing an artifact.
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Involving people, organizations and technology, much of the study of information systems can 

be divided into two categories: behavioral science and design science (Hevner et al., 2004). 

“The behavioral science paradigm seeks to develop and verify theories that explain or predict 

human or organizational behavior” (Hevner et al., 2004, p. 75), thus falling in theory types II, 

III, and IV of table XIX. “The design-science paradigm seeks to extend the boundaries of human 

and organizational capabilities by creating new and innovative artifacts” (Hevner et al., 2004, 

p. 75) which corresponds to theory type V of table XIX. 

According to Vaus (2001) the purpose of a research design is to ensure that the evidence we 

collect allows us to answer the initial question as unambiguously as possible, or, put another 

way, a research design is a roadmap that lays out how a study will progress from its research 

purpose/questions to its findings (Abutabenjeh & Jaradat, 2018). Research methods refer to 

data collection methods (Abutabenjeh & Jaradat, 2018; Vaus, 2001) such as interviews, 

observation, analysis of documents, etc. 

3.4.1 Design Science 

Simon (1988, pp. 68–69), cited by Baskerville et al. (2015, p. 542), defines design-science as 

“a body of intellectually tough, analytic, partly formalizable, partly empirical, teachable 

doctrine about the design process”. To create knowledge, a given design problem must be 

analyzed, solutions must be synthesized based on this analysis, and the solution must be 

evaluated. 

Hevner & Chatterjee (2010, p. 5) define Design Science Research as “a research paradigm in 

which the designer answers questions relevant to human problems via the creation of innovative 

artefacts, thereby contributing new knowledge to the body of scientific evidence”.  

Figure 10 presents the design science framework for research in information systems. 
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Figure 10 – Design Science Framework for Research in Information Systems 

Source: (Hevner et al., 2004, p. 80) 

Baskerville et al. (2015) identified four genres of inquiry in Design Science studies, which are 

presented in Figure 11. By “genres of inquiry” the authors mean modes of reasoning, or, put 

another way “style of thinking, or a manner of finding out” (Baskerville et al., 2015, p. 549). 

These four genres of inquiry represent all the ways of doing design-science studies, considering 

the two dualities of design versus science and nomothetic versus idiographic (Baskerville et al., 

2015). 

 

Figure 11 - Genres of Inquiry Framework for Design-Science 

Source: (Baskerville et al., 2015, p. 550) 
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Genre of Inquiry: Nomothetic Design (ND) 

Nomothetic design generates design knowledge that is relevant to a specific segment of the 

population. This knowledge creates a class of concrete acts that will transform a class of current 

circumstances into ones that are desired. 

Genre of Inquiry: Idiographic Design (ID) 

Idiographic design is the application of knowledge to a specific problem setting or artifact that 

develops a plan of action that transforms an unfavorable circumstance into a desired one.  

Genre of Inquiry: Nomothetic Science (NS) 

The goal of knowledge processes in nomothetic science is to generate knowledge that is both 

scientific and nomothetic. 

Genre of Inquiry: Idiographic Science (ISc) 

A systematic and validated study of a certain problem context or artifact is known as idiographic 

science. 

The artifact created in this thesis, which consists of a list of CSFs for data quality management 

with a priority for their implementation according to their importance (we can call it a 

framework), is an artifact of type model, which according to March & Smith (1995) is a higher 

order construction used to describe tasks, situations, or artifacts. Given that this study is about 

developing knowledge applicable to “general classes of design problems” (Baskerville et al., 

2015, p. 549), it should be considered in the genre of inquiry Nomothetic Science (NS).  

Figure 12 presents our research design. Considering that the subject of the critical success 

factors for data quality management is still relatively unknown and understudied, it was decided 

to use a multimethod approach as proposed by (Mingers, 2001; Skulmoski & Hartman, 2007), 

to gradually improve the research findings. 
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Source: the author 

Concerning the evaluation of the artifact, Hevner et al. (2004) propose the design evaluation 

methods shown in Table XX below. Two explanatory case studies were selected because the 

aim was to study the artifact in-depth in a professional setting. 

 

 

 

 

 

 

 

 

 

 

Source: (Hevner et al., 2004, p. 86) 

 

 

Figure 12 - Research Design 

Table XX – Design Evaluation Methods 
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3.4.2 Qualitative Methods 

The decision to use qualitative rather than quantitative methods stem from the importance of a 

deep understanding of the "socially constructed" nature of the beliefs and experiences that the 

people involved have about CSFs for DQM. Qualitative studies follow the process of analytical 

generalization (Denzin & Lincoln, 2011), and seek to understand the nature of the beliefs and 

experiences that the people involved have about CSFs for DQM. Furthermore, there is an 

intimate relationship between the researcher and what is studied (Denzin & Lincoln, 2011). 

Qualitative research is “any type of research that yields results that aren't based on statistical 

procedures or other methods of quantification” (Strauss & Corbin, 1990, p. 17) cited by 

Golafshani (2003, p. 600). Instead, the research produces findings from real-world settings 

where the "phenomenon of interest unfolds naturally" (Patton, 2002, p. 39) cited by Golafshani 

(2003, p. 600). Unlike quantitative research, qualitative research may not be subject to statistical 

generalization, which is a method of generalizing the results to a wider, unstudied population 

by using a known statistical relationship between the study sample and the larger population 

(Yin, 2016). Qualitative studies follow the process of analytical generalization. 

Analytic generalization may be defined as a two-step process. The first involves a 

conceptual claim whereby investigators show how their study’s findings are likely 

to inform a particular set of concepts, theoretical constructs, or hypothesized 

sequence of events. (…). The second step involves applying the same concepts or 

theoretical constructs to implicate other similar situations. 

                                  (Yin, 2016, p. 105) 

In the exploratory phase of the study, a Focus Group followed by a Delphi Study were used.  

Focus Group 

The focus group research approach was developed by Merton (1947), cited by Sobreperez 

(2008). A focus group is a group of individuals that meet to focus on a particular topic, 

conducted by a mediator (Sobreperez, 2008). The focus group research method “benefits from 

participant interaction, which can reveal common thoughts, reactions, and opinions on the 

study's topic”  (Belanger, 2012, p. 110). It has been deemed useful for information systems 

researchers who are using exploratory research and looking for new subjects to investigate  

(Belanger, 2012). 
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Belanger (2012) prescribes that to be manageable, focus groups should be composed of 3 to 10 

participants, the most common number being 5 to 7, and the meeting should last between 1 and 

2 hours maximum, to avoid fatigue. In this research study, due to its exploratory nature, six 

participants were selected for the focus group due to their knowledge about the topic. 

The Delphi Method with the Q-Sort Technique 

The original Delphi method was developed by Norman Dalkey of the RAND Corporation in 

the 1950s for a U.S. sponsored military project. It is an iterative process that combines the 

opinions of a group of experts to reach a consensus. 

Delphi is a method for organizing a group communication process that allows a group of people 

to deal with a complex problem (Linstone & Turoff, 2002). The method allows for the study of 

qualitative data, and it employs several experts rather than random sampling. In the context of 

a Delphi study, an expert is a specialist in the field of knowledge within which the study is 

developed. A Delphi study consists of a series of questionnaires, each one corresponding to a 

round. The rounds continue until a consensus is reached or it is found that one is not possible. 

The classical Delphi method is characterized by four key features (Rowe & Wright, 1999): 

- Anonymity of Delphi participants; 

- Iteration: allows the participants to adjust their opinions based on how the group's work 

is going from round to round; 

- Controlled feedback: informs the participants of the other participant’s perspectives, and 

provides the opportunity for Delphi participants to clarify or change their views; 

- Statistical aggregation of group response: allows for quantitative analysis and data 

interpretation. 

The first round may start with a set of open questions, or a set of questions proposed by the 

researcher after the literature review (Skulmoski & Hartman, 2007; Yousuf, 2007). In this 

specific case, the questions concerned CSFs for data quality management. In any round, experts 

may propose novel issues (in this case, CSFs for data quality management) relevant from their 

point of view. 

The experts selected for this study are recognized academics and practitioners. Several agenda 

problems necessitated the use of Delphi online, which was supplemented by an upstream focus 
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group and downstream case studies. Thus, a multi-method approach was used, as proposed by 

(Mingers, 2001; Skulmoski & Hartman, 2007). 

Delphi techniques are most appropriate under two circumstances (Linstone & Turoff, 2002): 

- Although the topic does not lend itself to precise analytical procedures, it can benefit 

from collective subjective judgments;  

- Due to time or cost constraints, individuals who need to interact cannot be brought 

together in a face-to-face exchange (Linstone, 1981). 

Given that both the above circumstances applied in this study, it was decided to use that method. 

The Q-methodology was developed by Stephenson (1953), cited by Santos (2004), and it 

provides grounds for the systematic study of subjectivity. The distinctive feature of the Q-Sort 

technique, a component of Q-methodology, is that panel members must order the questions 

provided under a predefined distribution, usually approximately normal (Bown, 1993). The 

advantage of the Q-Sort scale over the Likert one is that the former reveals how participants 

prioritize different items (in our case CSFs) relative to each other, offering a deeper 

understanding of subjective preferences. Unlike a Likert scale, which rates items independently, 

Q-sort emphasizes the comparative rating, providing insights into the structure of participants' 

viewpoints (Ho, 2017). 

The concept of consensus in a group is a condition of homogeneity or consistency of opinion 

among its members. Although consensus is a key element of Delphi studies (Schmidt, 1997), 

few researchers have clearly defined consensus in statistical terms, the definition being almost 

always arbitrary. In many studies, the decision to stop is motivated by a lack of time or by a 

sharp drop in the response rate between rounds, among other factors. To properly decide the 

round in which Delphi should halt, it is necessary to ensure the use of statistical measures to 

assess the consensus between members of the panel. 

Given that this study asked the experts to order a list of CSFs by their relevance, Kendall's W 

coefficient of agreement was chosen as one of the tests of consensus determination. This 

coefficient determines the degree of agreement of the members of the panel. The value of this 

coefficient increases with the level of agreement, varying between 0 (with no consensus) and 1 

(perfect consensus) (Schmidt, 1997). Schmidt provided a table to interpret different values of 

W, in which 0.5 indicates moderate agreement. The simple fact that members of the panel have 
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an important level of consensus does not determine the convergence between the various 

rounds, so the Spearmen's rho correlation coefficient was also used between the results of two 

successive rounds (Santos & Amaral, 2004). These two coefficients measure not only the 

agreement of experts within a round but also the convergence given by the correlation between 

the rounds.  

Case Studies 

As specified above, the evaluation phase of our artifact will be implemented using explanatory 

case studies. The main objective of this step is to evaluate the usefulness of the developed 

artifact, which is a list of critical success factors (CSFs) for data quality management and a 

priority for their implementation, according to their importance. 

According to Yin (2003, p. 13):  

A case study is an empirical inquiry that 

- Investigates a contemporary phenomenon within its real-life context, 

especially when 

- The boundaries between phenomenon and context are not evident. 

Benbasat et al. (1987) consider that case research is particularly well suited to problems in 

which research and theory are still in their infancy and sticky, practice-based problems in which 

the actors' experiences matter and the context of action is critical. Furthermore, Yin (2003, p. 

15) specifies that case study research can be used in evaluation research to “explain the 

presumed causal links in real-life interventions”. Similarly,  Baskerville et al. (2015) consider 

case studies, among other methods, to be useful for artifact evaluation in the context of design 

science research. 
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4 FIELD WORK 

This chapter describes the fieldwork carried out during this investigation, which consists of two 

phases. In the first, an exploratory phase, a focus group was used to refine the CSFs obtained 

through the literature review and a Delphi Study using the Q-Sort method was carried out to 

obtain the rating of the CSFs. The second - an explanatory phase - consisted of two case studies 

in companies from different industries. 

4.1 Exploratory Phase  

4.1.1 Focus Group  

The duration of the meeting was 1 hour, and 16 minutes and the 6 attendees were recognized 

academics and practitioners. The role of the moderator was carried out by this author. The focus 

group discussion was recorded, with the participants’ permission. 

Prior to the meeting, the participants were sent a list of the CSFs (Table XV above) by email, 

and they were informed of the focus group’s objective: to try to reduce the number of CSFs.  

The meeting sought consensus in answer to the following three questions: 

- Is there any CSF that should not be considered as such? 

- Are there some CSFs missing? Which ones? 

- Is there any CSF that can be merged with another or others? 

The moderator began the meeting by defining the concept of CSFs for DQM as the limited 

number of areas in which results, if they are satisfactory, will ensure data with better quality. 

She then reminded the participants of the above questions to discuss. 

Four participants agreed to add “data governance” to the list of CSFs, and one of them defined 

data governance as a “set of key actions to ensure data compliance with organizational 

strategies”. The group also decided to include "quality organization" and “teamwork” in the 

CSF “data governance”, thus adapting its definition.  

The focus group reached a consensus that “physical environment”, “storage management”, 

"employee relations” and “nature of IS” should be considered contingency factors, not CSFs.  

One participant said there were a lot of intersections in the CSF definitions and the whole group 

agreed with him. The moderator agreed with the group and asked the participants to help, as far 
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as possible, to redefine the CSFs whose definitions intersect. This was partially achieved, as 

will be seen below. 

One participant outlined the essential CSFs, from her point of view: 

- Data quality should be in line with the strategic plan. This CSF was later included in the 

“Management Commitment and Leadership” CSF; 

- DQ policies and standards; 

- Monitoring and control of compliance with policies and standards; 

- Input validations; 

- Organizational culture with a focus on DQ; 

- Top Management commitment to DQ; 

- External data flows (included in CSF "Information Product Lifecycle Management"). 

She explained that this CSF gained great importance with the entry into force of the 

General Data Protection Regulation (GDPR), on May 28, 2018. This CSF has enormous 

relevance to respond to external reporting. 

Another participant pointed out that, from his point of view, the most relevant CSFs are: 

- Data Quality Assessment/Monitoring; 

- Stakeholder identification (included in the CSF “Data Quality Requirements 

Management”); 

- Management Commitment and Leadership; 

- Continuous Data Quality Management Improvement; 

- Focus on Data Customer Satisfaction; 

- Data Architecture Management, considered as the architecture of the IS ecosystem or 

its geography, is relevant to the type of DQ initiatives. The architecture of IS ecosystem 

is related to the flows of information, as well as the ownership of the data in each system. 

The same participant suggested adding a CSF which he termed "company maturity concerning 

data processing", which was seconded by another participant. The moderator argued that 

"maturity" should not be considered a CSF, because it corresponds to the state of the company, 

before any DQ initiative, and therefore cannot be considered as “an area that must be given 

special and continual attention to succeed in DQ initiatives”. The participant presented an 

example of the applicability of the CSF “company maturity concerning data processing” to a 
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company that has just started their activity, and the moderator argued that that was a special 

case, and the proposed CSF should not be considered generically, so the CSF was not accepted. 

Two participants suggested the CSF “strategic data quality planning” could be considered as 

“data quality should be in line with the strategic plan”, and one participant suggested that it 

could be included in the CSF “management commitment and leadership”.  

It was proposed that the CSF “understanding the information systems and DQ” be renamed as 

“understanding the information systems and the relevance of DQ”. 

The participants reached a consensus to include the CSF "continuous improvement" and “DQ 

controls/input controls” in the CSF "continuous data quality management improvement", 

defined as the “set of actions that must be taken to improve data quality”. One participant 

suggested including in the description of "continuous data quality management improvement” 

the following “set of actions we must take to improve data quality” and gave an example of a 

change in a data collection screen to facilitate the insertion of certain data. 

After some discussion, the group agreed to include micro-changes, such as the change of an 

attribute domain, in the CSF "management of changes”. One participant proposed, and it was 

accepted, to change the definition of “management of changes” to include the following “active 

inclusion of the DQ requirements updating in the context of management of changes”. 

Some CSFs were renamed: the CSF “understanding of the information systems and DQ” was 

renamed “understanding of the information systems and the relevance of DQ”, the CSF “risk 

management” changed to “DQ risk management”, and “customer focus and satisfaction” 

changed to “focus on data customer satisfaction”, considering two types of customers: clients 

(external customers) and the so-called users, who are internal customers. The definition of DQ-

KPIs was removed from CSF “Continuous Data Quality Management Improvement” and 

included in “Data Quality Assessment/Monitoring”. 

As a result of the meeting, the author reorganized the list of CSFs, changed some of their names, 

and modified some of the definitions as agreed at the focus group. The report of the focus group 

meeting (Appendix A), as well as the amended list of CSFs, was sent to the participants, 

requesting their feedback. Five of the six participants in the focus group responded to the 

request, of which four did not propose changes and one suggested a minor change in the report 
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text, but not in the identification and description of CSFs. The resultant list of CSFs and their 

definitions are detailed in Table XXI. 
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Table XXI - Identification and Explanation of CSFs to DQM, Changed by Focus Group Decisions 

Nb CSF Explanation of CSF 

1 
Management Commitment and 

Leadership 

Top management must establish a solid foundation of clear data quality 

values and policies, as well as supply the necessary resources 

(Hietschold et al., 2014). 

“Data quality should be in line with the strategic plan” (Focus Group). 

To achieve consistent and long-term excellence, companies must 

incorporate data quality into their organizational strategy (Hietschold et 

al., 2014). 

2 Data Governance 

This entails a series of important steps to guarantee that data are 

compliant with organizational strategies (Focus Group). It establishes a 

proper organizational structure for the generation of high-quality data. It 

should specify who is responsible for the DQ: appoint data stewards and 

a data champion (Santos, 2015); appoint an expert or a group of experts 

as DQ managers. Promote teamwork between business and IT people, 

as a key to improve data quality (Xu et al., 2003) (Focus Group). 

3 Training 

Employee engagement and empowerment require knowledge of data 

quality concepts, methods, and tools (Hietschold et al., 2014). Training 

needs should be recognized and documented, and training workshops 

should be held on a regular basis. Mentoring programs should ensure 

on-the-job professional development in addition to formal training 

(Baskarada & Koronios, 2014). 

4 

Data Quality Requirements 

Management 

 

Identify all relevant stakeholders, collect their requirements, then model 

them (Baskarada & Koronios, 2014). 

5 Supplier Partnership 

Data supplier quality management entails establishing a successful data 

quality management relationship with raw data suppliers. It consists of 

two key components: 

1. To come to an agreement on the acceptable level of raw data quality, 

including requirements for availability, currency, accuracy, and 

completeness; 

2. To provide data suppliers with regular data quality reports and 

technical assistance (Xu et al., 2003). 

6 
Data Product Lifecycle 

Management 

Managing information as a product as well as effectively managing the 

information processes (life cycles of critical information products) is 

important for effective data quality management. One of the aspects of 

this CSF includes identifying and documenting the data flow within the 

organization as well as between the organization and any external parties 

(i.e., information product supply chain management) (Baskarada & 

Koronios, 2014). Clarity of process ownership (process owners), 

boundaries, and steps (Saraph et al., 1989). 
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Table XXI – Identification and Explanation of CSFs to DQM, Changed by Focus Group Decisions 

(continued) 

Nb CSF Explanation of CSF 

7 
Data Quality 

Assessment/Monitoring 

Prior to attempting any DQ improvements, the existing status of 

DQ must be assessed, and qualitative and quantitative metrics 

must be developed and used (DQ-KPI) (Baskarada & Koronios, 

2014). 

Most of the data quality dimensions may be accessed using 

profiling tools. DQM metrics or Key Performance Indicators (DQ-

KPIs) should be defined qualitatively and quantitatively, and then 

utilized to continually analyze the efficacy of corporate DQM 

activities (Baskarada & Koronios, 2014)(Focus Group). 

DQ should be evaluated at regular intervals using the same data 

profiling tools. In addition, policy and standard compliance should 

be monitored. 

8 
Focus on Data Customer 

Satisfaction 

This means concentrating on the needs and quality requirements 

of data clients. It should allow data clients to actively participate 

in ensuring and improving data quality (Xu et al., 2003). Clients 

(external customers) and internal customers are both referred to as 

"data customers." 

9 
Continuous Data Quality 

Management Improvement 

“Set of actions we must take to improve data quality” (Focus 

Group). 

There is a need for continuous and consistent data quality 

improvement, materialized as a set of actions that must be taken 

to improve data quality, such as input validations and human data 

quality controls (Xu et al., 2003). 

10 Culture and communication 

Encouragement of a data quality improvement culture within the 

organization (Black & Porter, 1996). Communication is 

considered a two-way process, with channels for feedback 

available.  Communication is viewed as an ongoing process, with 

attention given to approaches of reinforcing the concepts in the 

future (Porter & Parker, 1993). 

11 
Data Architecture 

Management 

Architecture of the IS ecosystem, or its geography, is relevant to 

the type of DQ initiatives. The architecture of the IS ecosystem 

should be described, namely the flows of information should be 

depicted, and the ownership of the data in each system should be 

identified (Focus Group). 
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Table XXI – Identification and Explanation of CSFs to DQM, Changed by Focus Group Decisions 

(continued) 

Nb CSF Explanation of CSF 

12 Data Security Management 

Access security is a critical DQ dimension, and data security 

management necessitates the implementation of effective access 

controls that ensure that all users are properly authenticated and 

authorized with the bare minimum of privileges. IS developers, for 

example, should not be given access to the production environment. 

Audit trails (logs of users' activities on the IS) must also be analyzed (for 

example, for exceptions) and reviewed on a regular basis (Baskarada 

& Koronios, 2014). 

13 DQ Risk Management 

Risk management can be defined as the awareness of the implications of 

poor DQ and the level of commitment to reducing them (Xu et al., 2003). 

DQ risks to company objectives (such as financial, reputational, and 

regulatory risks) must be diagnosed, documented, assessed, categorized, 

prioritized, and mitigated/controlled. Effective DQ Risk Management 

should allow organizations to concentrate their DQM efforts on the most 

critical information products, resulting in increased DQM efficiency and 

effectiveness (Baskarada & Koronios, 2014). 

14 
Understanding of the IS and the 

relevance of DQ 

It is important to understand how the information systems work 

(technical competence) and IT personnel and data customers need to 

understand the importance of data quality (Xu et al., 2003). 

15 Personnel Competency 

The ability of employees in charge of IS is especially important; for 

example, exceptionally talented and knowledgeable personnel in both 

technical and business areas are required (Xu et al., 2003). 

16 DQ Policies and Standards 

Simple, relevant, and consistent data quality policies and standards must 

be in place inside the organization. There are two primary parts: 

1. Establishing specified and relevant data quality policies and 

standards; 

2. Policies and standards implementation and enforcement (Xu et al., 

2003).  
 

17 Management of Changes 

“Active inclusion of the DQ requirements updating in the context of 

management of changes” (Focus Group). 

DQ requirements, which can be internal or external, should be included 

and consistently updated in the process of management of changes. 

Internal changes include structural changes, such as organizational 

restructuring as well as micro changes, such as the change of an attribute 

domain. External changes include things such as government 

regulations, technology, economy, and market changes (Xu et al., 2003). 

18 Audits and Reviews 

Conduct independent internal and external audits of the systems and data 

quality to ensure that appropriate controls are in place and conduct 

regular data quality reviews (Xu et al., 2003). 

19 Evaluate cost/benefit trade-offs 

It is critical to evaluate the costs of poor DQ and corresponding 

improvement activities, as well as any potential benefits or cost savings 

that may result from any process enhancements, before moving forward 

with any process improvements (Baskarada & Koronios, 2014). 
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4.1.2 Delphi Study 

The initial version of the questionnaire was submitted to two data quality experts to check its 

readability and to correct any inconsistencies. In addition, the Delphi online questionnaire was 

delivered to a panel of DQ specialists to classify the CSFs. The questionnaire included the 19 

CSFs mentioned above. They were presented to the participants in alphabetical order with their 

associated descriptions (see Table XXI). Unfortunately, there was a space at the beginning of 

the CSF "Data Governance", so it was presented first, and it was the sole break to the 

alphabetical sequence. 

The 94 DQ experts were selected from data quality professionals, acting in various industries 

all over the European Union (89%) and academics with work on the subject (11%). Most of the 

experts were found on the platform Linkedin, searching for “data quality”, “data analysis”, and 

“data management”. Some others were selected from the author’s acquaintances working in the 

field of data quality. 

With Q-Sort the panel members must look at the factors as a whole and divide them into three 

groups: the most important; the least important and those of neutral value, according to a pre-

defined normal distribution. Subsequently, they must focus on each of the lists separately and 

choose the most and the least important of the remaining factors, depending on the list in 

question. This way a list sorted by order of importance is obtained, with no ambiguity of 

classification and without repeated factors in the same position. 



 

 

57 

 

Figure 13 shows an example of the Q-Sort table for 19 questions. 

 

Figure 13 - Q-Sort table for 19 questions 

Source: The author 

 

First Round 

For the first round, which lasted two weeks, 94 experts were asked to sort the CSFs in order of 

most important to least important. Fifty-six answered, which corresponds to a response rate of 

60%.  

As a result of the first round, the factors were ordered by increasing sum of points, with 1 point 

assigned to the most important factor and 19 points to the least important. In this round the 

experts were also asked to suggest factors that were not represented on the list submitted to 

them. Two new CSFs were proposed, which were not considered because they were included 

in CSFs presented in the initial list. The result of the first round is presented in Table XXII. 

To evaluate the consensus among the participants, Kendall's W coefficient of the agreement 

was used. Its value was 0.195, significant at 0.000, which, according to Schmidt (1997), 

indicates very weak agreement. For that reason, it was decided to launch a second round. 
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Table XXII - Results of the First Round 

Sum of FCS

Points Order

1 300 5,45 25,77 5,08 1 Data Governance

2 341 6,2 14,13 3,76 3
Continuous Data Quality 

Management Improvement

3 384 6,98 15,54 3,94 7
Data Quality 

Assessment/Monitoring

4 413 7,51 31,77 5,64 14
Management Commitment and 

Leadership

5 429 7,8 23,42 4,84 5 Data Architecture Management

6 456 8,29 24,62 4,96 8
Data Quality Polic ies and 

Standards

7 523 9,51 36,07 6,01 4 Culture and Communication

8 534 9,71 24,06 4,91 9
Data Quality Requirements 

Management

9 563 10,24 29,07 5,39 11 Data Security Management

10 581 10,56 22,1 4,7 16 Personnel Competency

11 588 10,69 30,48 5,52 13
Focus on Data Customer 

Satisfaction

12 590 10,73 23,02 4,8 10 Data Quality Risk Management

13 603 10,96 27,41 5,24 6
Data Product Lifecycle 

Management

14 627 11,4 32,65 5,71 2 Audit and Reviews

15 639 11,62 24,2 4,92 18 Training

16 642 11,67 20,41 4,52 15 Management of Changes

17 657 11,95 26,2 5,12 19
Understanding of the IS and the 

relevance of Data Quality

18 745 13,55 14,62 3,82 12 Evaluate Cost/Benefit Trade- offs

19 835 15,18 21,56 4,64 17 Supplier Partnership

Position Average Variance
Standard 

Deviation
CSF

 

Second Round 

The resultant order of CSFs from the first round was sent to the respondents of the first round, 

and they were asked to respond to a new round, given the very weak consensus obtained. The 

second round lasted for three weeks, and only the 56 experts who responded to the first round 

were invited to participate. The results of the second round are presented in Table XXIII. 
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Table XXIII - Results of the Second Round 

Sum of FCS

Points Order

1 99 3,41 16,68 4,08 1 Data Governance

2 174 6 19,93 4,46 14

Management 

Commitment and 

Leadership

3 192 6,62 14,96 3,87 3

Continuous Data 

Quality Management 

Improvement

4 204 7,03 20,46 4,52 5
Data Architecture 

Management

5 219 7,55 23,9 4,89 8
Data Quality Polic ies 

and Standards

6 229 7,9 28,6 5,35 4
Culture and 

Communication

7 243 8,38 26,89 5,19 7
Data Quality 

Assessment/Monitoring

8 274 9,45 30,61 5,53 9

Data Quality 

Requirements 

Management

9 298 10,28 24,78 4,98 16 Personnel Competency

10 301 10,38 23,39 4,84 13
Focus on Data 

Customer Satisfaction

11 310 10,69 21,58 4,65 11
Data Security 

Management

12 333 11,48 11,04 3,32 15
Management of 

Changes

13 339 11,69 34,22 5,85 2 Audit and Reviews

14 341 11,76 18,62 4,31 6
Data Product Lifecycle 

Management

15 341 11,76 21,69 4,66 18 Training

16 350 12,07 15,42 3,93 10
Data Quality Risk 

Management

17 363 12,52 24,33 4,93 19

Understanding of the IS 

and the relevance of 

Data Quality

18 414 14,28 18,99 4,36 12
Evaluate Cost/Benefit 

Trade- offs

19 486 16,76 8,4 2,9 17 Supplier Partnership

Position Average Variance
Standard 

Deviation
CSF

 

The second round was answered by 29 experts, which corresponds to a response rate of 52%, 

lower than in the first round. The Kendall's W coefficient of the agreement was 0.317, 

significant at 0.000, which according to Schmidt (1997) indicates weak agreement. The 

Spearmen's rank correlation coefficient between the results of the first and the second rounds 

(Santos & Amaral, 2004) was 0.674, significant at 0.01 level, which indicates a good positive 

correlation. The Spearman's rho correlation coefficient ranges between [-1,1], with -1 

representing perfect negative monotonic correlation and +1 representing perfect positive 

monotonic correlation, 0 means no correlation. 

The CSF Data Governance held first place in both rounds and the last three CSFs also 

maintained the same positions in the two rounds. This result reflects the theory associated with 
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the Q-Sort which states that the panel members are more confident on the most and least critical 

issues (Santos & Amaral, 2004). 

The results in Table XXIV show that the first 11 CSFs of the 1st round remain in the first 11 

places in the 2nd round, although, except for Data Governance ranked first, they have changed 

their positions. 

Table XXIV - Results of the First and Second Rounds 

CSF Numbers 

Ordered by 

First Round

CSF Descriptions ordered by 

First Round

CSF Numbers 

Ordered by 

Second 

Round

CSF Descriptions 

ordered by Second 

Round

Order in 

the 

Second  

Round

1 Data Governance 1 Data Governance 1

3
Continuous Data Quality 

Management Improvement
14

Management Commitment 

and Leadership
2

7
Data Quality 

Assessment/Monitoring
3

Continuous Data Quality 

Management Improvement
3

14
Management Commitment and 

Leadership
5

Data Architecture 

Management
4

5 Data Architecture Management 8
Data Quality Polic ies and 

Standards
5

8
Data Quality Polic ies and 

Standards
4 Culture and Communication 6

4 Culture and Communication 7
Data Quality 

Assessment/Monitoring
7

9
Data Quality Requirements 

Management
9

Data Quality Requirements 

Management
8

11 Data Security Management 16 Personnel Competency 9

16 Personnel Competency 13
Focus on Data Customer 

Satisfaction
10

13
Focus on Data Customer 

Satisfaction
11 Data Security Management 11

10 Data Quality Risk Management 15 Management of Changes 12

6
Data Product Lifecycle 

Management
2 Audit and Reviews 13

2 Audit and Reviews 6
Data Product Lifecycle 

Management
14

18 Training 18 Training 15

15 Management of Changes 10
Data Quality Risk 

Management
16

19
Understanding of the IS and the 

relevance of Data Quality
19

Understanding of the IS and 

the relevance of Data 

Quality

17

12 Evaluate Cost/Benefit Trade- offs 12
Evaluate Cost/Benefit Trade-

offs
18

17 Supplier Partnership 17 Supplier Partnership 19  

Considering the weak consensus obtained and despite fearing a sharp drop in the number of 

responses, it was decided to hold the third round. 
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Third Round 

The CSF ordering in the 2nd round was sent to the respondents, and they were asked to respond 

to a new round, given the still weak consensus obtained. The 3rd round lasted for three weeks, 

and only the 29 experts who responded to the 2nd round were invited to participate.  

The results of the third round are presented in Table XXV. 

The third round was answered by 18 experts, which corresponds to a response rate of 62%, 

higher than in the first and second rounds. The higher response rate was the result of insistence 

with the experts. 

Table XXV - Results of the Third Round 

Sum of CSF

Points Order

1 55 3,44 18,13 4,26 1 Data Governance

2 74 4,63 9,18 3,03 14

Management 

Commitment and 

Leadership

3 79 4,94 8,06 2,84 3

Continuous Data Quality 

Management 

Improvement

4 109 6,81 17,63 4,2 5
Data Architecture 

Management

5 111 6,94 13,53 3,68 4
Culture and 

Communication

6 112 7 14,27 3,78 8
Data Quality Polic ies and 

Standards

7 126 7,88 23,05 4,8 7
Data Quality 

Assessment/Monitoring

8 155 9,69 11,56 3,4 9

Data Quality 

Requirements 

Management

9 159 9,94 26,46 5,14 13
Focus on Data Customer 

Satisfaction

10 164 10,25 26,07 5,11 6
Data Product Lifecycle 

Management

11 179 11,19 28,16 5,31 16 Personnel Competency

12 179 11,19 15,9 3,99 15
Management of 

Changes

13 190 11,88 18,52 4,3 11
Data Security 

Management

14 203 12,69 10,36 3,22 10
Data Quality Risk 

Management

15 206 12,88 42,65 6,53 2 Audit and Reviews

16 209 13,06 13,66 3,7 18 Training

17 214 13,38 25,85 5,08 19

Understanding of the IS 

and the relevance of 

Data Quality

18 237 14,81 10,83 3,29 12
Evaluate Cost/Benefit 

Trade- offs

19 279 17,44 5,46 2,34 17 Supplier Partnership

Position Average Variance
Standard 

Deviation
CSF

 

The Kendall's W coefficient of the agreement was 0.433, significant at 0.000, indicating weak 

to moderate agreement (Schmidt (1997). The Spearmen's rank correlation coefficient between 
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the results of the second and the third rounds (Santos & Amaral, 2004) was 0.256, significant 

at 0.01 level, indicating weak correlation. It was intriguing that this coefficient dropped from 

0.674 (good positive correlation) between the first and the second rounds to 0.256 (weak 

positive correlation), but we do not really know why. 

The CSF Data Governance held first place in all rounds and the last three CSF (Understanding 

of the IS and the Relevance of Data Quality, Evaluating Cost/Benefit Trade-offs, and Supplier 

Partnership) also retained the same last positions in the three rounds. It should be noted that the 

first eight CSFs remained in the top eight positions in the three rounds, although in some cases 

they changed their order. Table XXVI presents the results of the three rounds. 
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Table XXVI – Results of the Three Rounds 

CSF Numbers 

Ordered by First 

Round

CSF Numbers 

Ordered by 

Second Round

CSF 

Numbers 

Ordered by 

Third Round

1 1 1 1 Data Governance

3 14 14 2 Audit and Reviews

7 3 3 3
Continuous Data Quality 

Management Improvement

14 5 5 4
Culture and 

Communication

5 8 4 5
Data Architecture 

Management

8 4 8 6
Data Product Lifecycle 

Management

4 7 7 7
Data Quality 

Assessment/Monitoring

9 9 9 8
Data Quality Policies and 

Standards

11 16 13 9
Data Quality Requirements 

Management

16 13 6 10
Data Quality Risk 

Management

13 11 16 11 Data Security Management

10 15 15 12
Evaluate Cost/Benefit 

Trade-offs

6 2 11 13
Focus on Data Customer 

Satisfaction

2 6 10 14
Management Commitment 

and Leadership

18 18 2 15 Management of Changes

15 10 18 16 Personnel Competency

19 19 19 17 Supplier Partnership

12 12 12 18 Training

17 17 17 19

Understanding of the IS 

and the relevance of Data 

Quality

CSF Numbers and Description 

 

To better understand the results, it was decided to perform a cluster analysis of the variables 

“sum of points” and “standard deviation” using Ward’s method. The dendrogram obtained is 

shown in Figure 14, where the numbers of the CSFs shown in Figure 14 correspond to their 

order in Round 3. The dendrogram presents three clusters with good intra-cluster distance, the 

first one consisting of CSFs 1-7, the second 8-13 and the third 14-19. 
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Figure 14 - Dendrogram obtained using Ward's Method for Hierarchical Clusters 

 

The first 10 CSFs that were found, except for Data Governance, are in line with results from 

previous research (Akpon-Ebiyomare et al., 2012; Baškarada & Koronios, 2014; Santos, 2015; 

Williams et al., 2015; Xu, 2015; Xu et al., 2003). The consistent and clear rating of Data 

Governance in the first place is noteworthy, for previously it was only identified in three papers  

(Baskarada & Koronios, 2014; Santos, 2015; Santos & Lucas, 2019). Baskarada & Koronios 

(2014, p. 285), citing Bell et al. (2008, p. 4), identified “Information Quality Management 

Governance”, defined as “the specification of decision rights and an accountability framework 

to encourage desirable behavior in the valuation, creation, storage, use, archival and deletion of 

information”. This definition corresponds to that of data governance. According to Khatri & 

Brown (2010, p. 149)  the term “data governance refers to who holds the decision rights and is 

held accountable for an organization’s decision-making about its data assets” while 

management “involves making and implementing decisions” (Khatri & Brown, 2010, p. 148). 
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Thus, “Information Quality Management Governance” is a misconception because governance 

and management mean slightly different things, whether in terms of data or any other asset.  

The first position of data governance is probably due to the increasing importance of data to 

organizations, particularly in the context of Regulatory Compliance, Advanced Analytics and 

Data Science, which have given rise to the implementation of a Data Governance approach and 

the function of Chief Data Officer among other new roles (Table XXII above). It should also 

be noted that the first three CSFs - Data Governance, Management Commitment and Leadership 

and Continuous Data Quality Management Improvement - clearly stand out from the rest (see 

Table XV). 

4.2 Explanatory Phase – Case Studies 

4.2.1 Methodology 

The case study companies were selected from the researcher's network, and they were assured 

that the names of their company and interviewees would remain confidential, facilitating their 

acceptance of the invitation. The two companies - OwnFly and MyBank, both fictitious names 

- are both medium-sized enterprises located in Southern European Latin Countries. OwnFly 

operates as an airline while MyBank functions as a bank. In addition, the companies had to 

meet two more criteria: 

- To have data quality initiatives in place; 

- To be of different industries, allowing for theoretical replication, because we expect 

“contrasting results but for predictable reasons” (Yin, 2003, p. 47). Xu & Lu (2003) report 

that companies in different industries do not place equal importance on some CSFs. 

The researcher conducted case studies, some on site, some online, with each of the participants 

involved, and data were collected through semi-structured interviews with key DQM players, 

both from IT and the business. Individual interviews with each participant lasted no more than 

an hour, because they were very busy people, and their roles are detailed in each case study. 

The principal areas and questions covered in the interviews were the following: 

- Introduction to the study and data collection; 

- Anonymity of the study; 

- When did the data quality initiatives start and what were the initial drivers? What are 

the current business drivers for data quality improvement? 
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- What are the current data quality improvement initiatives? 

- Which is your company organization for data quality? 

- What are the CSFs for DQM from your perspective? 

- Are there any ongoing big data projects? What about data quality initiatives in those 

projects? 

All the interviews were recorded, with the permission of the interviewees, and subsequently 

transcribed. The transcriptions were sent by email to the participants, asking them to change 

them if any information was incorrect. In addition to the interviews, interviewees were also 

contacted by the researcher via email to gather additional information, and the websites of the 

companies were consulted for more information.  

The quality of the case studies research design was confirmed by the four tests, and their tactics, 

prescribed by Yin (2003): construct validity, internal validity, external validity, and reliability. 

The definitions of the tests and their tactics were obtained from Yin (2003, pp. 34–39). 

- Construct validity – determining appropriate operational measures for the concepts 

under study. Tactic: various sources of evidence were used, and interviewees were 

invited to review their transcriptions. Partially achieved, because the drafts of the case 

studies were not previously sent to the interviewees; 

- Internal validity – proving a causal relationship - that is, demonstrating how one set of 

conditions causes another, as opposed to forming fictitious associations. Tactic: 

matching the findings of the case studies with the results of the Delphi study and the 

literature review; 

- External validity – “establishing the domain to which a study's findings can be 

generalized” (Yin, 2003, p. 34) to some broader theory. Tactic: the use of two case 

studies with the same research objective; 

- Reliability - proving that a research's processes, including the data gathering methods, 

can be repeated in the same case study and yield the same findings. Tactic: the 

procedures used in the case studies were documented and a case study database was 

created using MaxQda 2022. However, it is likely that in a repetition of the case studies, 

the same results would not be obtained because organizations are continually improving 

their data quality management. 
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4.2.2 Data Analysis 

According to Yin (2016) data analysis is carried out in five analytic phases: 1. Compiling, 2. 

Disassembling, 3. Reassembling, 4. Interpreting, 5. Concluding (Figure 15). To support the 

work, the MaxQda 2022 Computer Assisted Qualitative Data AnalysiS (CAQDAS) software 

was used. 

 

Figure 15 - Five Phases of Data Analysis 

Source: (Yin, 2016, p. 186) 

4.2.3 Compiling and Disassembling 

The compiling phase consisted of re-reading and analyzing the interviews to understand 

whether new critical success factors appeared (what really happened) and importing them into 

the CAQDAS MaxQda 2022 (Yin, 2016). 

In the disassembling phase, a hybrid approach of inductive and deductive coding (Fereday & 

Muir-Cochrane, 2006) was used to code the interviews with the 19 critical success factors 

(CSFs) previously identified and 6 new codes that emerged from the interviews (Fereday & 

Muir-Ccochrane, 2006). The Code Book is presented in Appendix C. The identification and 

definitions of new codes that emerged from the interviews are presented in Table XXVII below. 

The new code (CSF) sponsorship is, in fact, referred to in DAMA (2017, p. 559) as "Executive 

Sponsorship" for Data Management Organization and not specifically for Data Quality 

Management. However, the reference was not included in the literature review, where only 
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works on CSFs for data quality management or total quality management were selected, the 

DAMA book being much more wide-ranging. 

Table XXVII - New Codes that Emerged from the Interviews 

 

4.2.3.1 MyBank (MB) 

MyBank (MB) is a fictitious name for a medium size bank located in a Southern European Latin 

Country in the European Union, with approximately five million clients, around 6,500 

employees, and total assets between €50 billion and €100 billion. It is active in a variety of 

sectors, including commercial banking, investment banking, venture capital, asset management, 

specialized credit, and real estate. MB has mature customer data quality management, and they 

do not have big data projects, which will only happen with the new data architecture they are 

currently working on. We interviewed the Chief Information Officer (CIO), the Chief Data 

Officer (CDO), the person responsible for data management and quality (RDQ), who reports to 

the CDO, and three professionals of the Operations Center (OC), including the Chief Operations 

Center (COC). The Operations Center is currently the owner of the Customer Database. 

At MyBank, on both the IT and business sides, there is great concern about improving the 

quality of customer data, as well as some pride in the progress that has already been made. The 

reason for this success is undoubtedly due to the management commitment and leadership and 

the extensive training given to branch employees throughout the country. No other data bases 

were identified with data quality improvement initiatives, so DQM is only developed at the 

Nb CSF Explanation of CSF

20
Business Processes 

Change

Flexibility to change business processes, using data quality processes close to the 

customer (Ownfly data stewards)

21 Information Catalog

Create an information catalog that supports efficient metadata management and 

must contain Technical definitions and Business Concepts to be queried by some 

users. For Business Concepts it can be a dictionary of terms (organizacional 

concepts and their synonyms)  (OwnFly and MyBank)

22 DQ Tools

Data quality tools are the processes and technologies for identifying, 

understanding and correcting flaws in data that support effective information 

governance across operational business processes and decision making. The 

packaged tools available include a range of critical functions, such as profiling, 

parsing, standardization, cleansing, matching, enrichment and monitoring (Gartner, 

n.d.) (OwnFly and MyBank)

23 Sponsorship
Someone at C-Level that has a vision of the importance of information assets 

quality (OwnFly and MyBank)

24
Management of User 

Expectations
Avoid false expectations (Ownfly CIO)

25
Business Model 

Definition

A well-defined business model allows us to identify what needs to be improved in 

data quality (Ownfly CIO)
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business-unit level, which, according to the TDWI (Kobielus, 2022), indicates that the company 

is at the intermediate level of DQM maturity. 

Data quality initiatives began in the 1990s with the normalization of customer names and 

addresses to avoid returning mail. Despite the bank's digital transformation, they currently 

spend around five million euros a year on mail. Employees across the country were trained in 

the importance of good quality data. Nowadays they invest in customer data quality in all fields 

required by the Regulators (National Central Bank and European Central Bank). 

According to the CIO, “Data Quality Management (DQM) at MyBank comprises a set of DQ 

initiatives”. For example, “A Chief Data Officer has been appointed, two forums have been 

created, a more operational data forum and a government forum”, and the data quality project 

on the customer database. Notwithstanding these initiatives, MyBank does not have a 

systematic strategy for communicating the improvements they are making to the quality of 

customer data to their users. 

The CDO is a young engineer who seemed enthusiastic about data and anything that could 

improve their quality. He was appointed in the first semester of 2019, and reports to the chief 

executive officer (CEO). According to the CDO, “My area drives change: it creates vision and 

strategy; it creates frameworks that support day-to-day operations that will make it possible to 

introduce areas of improvement at the data level”. 

There are four areas reporting to the CDO, namely Strategy and Data Transformation, Data 

Management and Quality, Data Services, and a Central Pool of Data Scientists, which will be 

presented using his words. 

- Strategy and Data Transformation 

MyBank has accumulated a significant amount of data over the past 20-30 years, 

having a structured data warehouse area that no longer adequately meets current 

needs. 

 It has DQ governance and management problems, very disparate technology that 

is not appropriate to the current reality, for example many COBOL applications, 

and data extraction systems from the mainframe that are no longer agile. MyBank 

needs a vision of data innovation to support the ongoing digital transformation 

program: an integrated vision of who our customers are, working analytics, things 



 

 

70 

 

that the current architecture does not support. It is important to have a structured 

vision to define a modern reference architecture, processes that allow us to govern 

data, catalog data, quality-controlled processes with KPIs, following the data 

lifecycle. Look at the data strategically because it is a sector heavily regulated, 

and data are one of our most important assets. 

- Data Management and Quality 

This area will bring the know-how from the central to the distributed systems in 

the new architecture. [There is an] opportunity for MyBank to have governed 

processes, data catalog, businesses owners identified, unified concepts, a single 

cross-cutting view of multiple domains and data elements. It is not yet known who 

will own the customer data domain that is currently owned by the Operations 

Center. 

- Data Services 

Technicians implementing Extract, Transform and Load (ETL) processes, data 

development and operation. 

- Central Pool of Data Scientists 

The business has and will always have analysts. Data scientists (DSi) have 

knowledge of data engineering and can interpret business needs by applying a set 

of tools. As business areas are not mature enough to realize what a DSi is, MyBank 

created a centralized pool whose elements can be channeled to the business, 

which is where they should be. DSis are technology agnostics and currently use 

tools like R, Pyton and Azure (as an integrative services platform). MyBank DSis 

are young people and like to experiment with new technology. 

The Chief Operations Center (COC), who is the owner of the customer database, stressed the 

importance of training the agencies’ staff:  

We trained employees on the importance of data and provided training across the 

country. The trainees were the collaborators of the network, and the trainers were 

the people who knew about the Customer database. They often trained trainers. 

The agencies selected an employee to train, who would then train the remaining 

colleagues. 
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With the intensive training program for the network, we noticed a significant 

decrease in the creation of duplicate customers, and, at the same time, a 

considerable improvement in the quality and accuracy of the data entered in the 

system. 

Currently, the Business Drivers to data quality management, according to the interviewees, are: 

understanding the importance to the business of the data at its disposal (COC, CIO); improving 

customer relationship (CIO); regulation - ensuring consistency of various reports, namely to 

achieve compatibility with BCBS239 (Principles for Effective Risk Data Aggregation and Risk 

Reporting, 2013b) (CIO, RDQ), and Cost Optimization (CIO). 

The interviewees referred to Critical Success Factors in the following words: “People at 

different levels, capable and involved” (CIO); “dedicated, trained, aware people with lean 

communication in the process” (CDO); “teams involved and aware” (COC); “End to End 

Commitment: From Operational to Informational people” (CDO); “Data Quality Processes 

must be well defined and embedded in normal operation” (CIO); “Sponsorship” (COC, CDO) 

– “Have an insight of the importance of the quality of information assets from the highest level” 

(CDO); Organization – “Model that governs data from top to bottom, that allows for certified 

and endowed quality data”;  “Consolidation of concepts, unification of metrics, metadata 

management, ability to oversee DQ with people assigned” (CDO). Data Quality Management 

and Governance: “We need to define a set of rules, procedures, corporate practices, vision of 

what quality processes are used, how we monitor, how we track systems, how we keep [the] 

data lifecycle intact with a vision of extraction of the information value. Certified and quality 

data. Set of practices that must be implemented at various levels” (CDO).  

4.2.3.2 OwnFly (OF) 

OwnFly is a fictitious name for a medium size airline located in a Southern European Latin 

Country in the European Union. It is a Star Alliance member6, has over 7,500 employees, 

operates one of the youngest fleets in the world, and in 2023 flew more than 17 million 

customers across its network and transported around 100,000 tons of cargo. OwnFly adopts a 

 

6 The Star Alliance is the world's largest global airline alliance. 
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collaborative approach to tackling sustainability challenges, aiming to maintain a transparent 

positive relationship with its stakeholders.  

The company has started its data quality management program (as they call it) with the 

implementation of its second Customer Master Data Management (MDM). Indeed, according 

to DAMA (2017), master data are, by definition, among the most important data in any 

organization, and they are frequently where data quality improvement begins. Their first MDM 

(MDM0) was developed in-house with multiple limitations. For example, the matching process7 

worked in batch. “The MDM0 experience helped a lot to define the requirements for the MDM 

tool”, in the words of the Data Stewards, and it was a “Proof of Concept” for the MDM Project 

Leader. 

We interviewed the Chief Information Officer (CIO), the MDM Project Leader (PL), the Data 

Stewards (DS), the Chief of Customer Service (CCS), who is the Owner and Sponsor of 

Customer Master Data, and the IT Business Partner for Marketing and Sales (BP). 

The IT Business Partner for Marketing and Sales (BP) identified her role as: 

At OwnFly, within IT, we are organized as follows: IT Director, more internal 

areas, competence centers (matrix) and a more business-oriented area, and I am 

a business partner (small IT director) for the area of marketing and sales 

Both the CIO and the MDM Project Leader consider that data quality management is a program 

at the company, not a project with a beginning and an end. This aligns with the 

recommendations outlined in the TDWI reports (Kobielus, 2022, 2024), which advise treating 

Data Quality Management (DQM) as a continuous journey. Kobielus (2024, p. 19) states that 

“a highly mature and successful DQM practice is more of a moving target than an end state”. 

We noted a significant dedication among all the interviewees to improving the quality of 

customer data. However, there appears to be resistance towards enhancing the quality of data 

gathered by the sales staff. This may be because no training was given to these professionals 

regarding the importance of customer data quality for the company, and the company is only 

now considering that training. Furthermore, approximately 50% of their sales originate from 

 

7 Matching process is the procedure of matching the new data (for instance new reservations) with the customers 

that already exist in the MDM. 
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the Travel Agency channel, which collects data within the Amadeus system, where the fields 

for collecting customer data are unstructured, and there is a lack of standardization in gathering 

data in a machine-readable format. 

As with MyBank, no other data bases were identified with data quality improvement initiatives, 

so DQM is developed at the business-unit level, which, according to the TDWI (Kobielus, 

2022), indicates that the company is at the intermediate level of DQM maturity. 

The data stewardship area depends on the architecture and looks at the customer's DQ problems. 

In the new MDM the sources go through a Data Quality (DQ) tool from Informatica, do the 

lineage8, and update the MDM in near real time. 

The Chief of Customer Service (CCS) and the CIO pointed out that airlines do not own their 

distribution channel, considering that their business is identical to that of large distribution. For 

the CCS: 

We have a difficult problem to solve: an important source of data is from Amadeus 

and the way contacts are placed in Amadeus are unstructured. For example, the 

Travel Agent instead of putting a +34 before the telephone number, puts ES, and 

they can put the ES at the beginning or at the end, I don't even know if they do this 

so that the number is not automatically processed 

OwnFly absolutely needs to identify and contact its customers to notify them in case of 

irregularities, as well as to sell more. It is particularly important for the customer to feel that 

he/she is recognized, for example, by acknowledging that OwnFly knows that the person had 

an irregularity and is asking for a certain thing, such as an upgrade. 

For data stewards: 

Our Reservation system is from Amadeus, our Contact Center is from Salesforce, 

and it is difficult, if not impossible, to change their frontend, so validations are 

carried out downstream. 

About implementing an Information Catalog, the CIO considers that: 

 

8 Data lineage is the process of tracking the flow of data over time to provide a clear understanding of where the 

data originated, how it has changed, and its ultimate destination within the data pipeline (IBM, n.d.). 
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It is mandatory to correctly define business concepts (e.g. customer, revenue - 

various definitions, irregularity”) 

and Data Stewards: 

What we are doing now is mapping business terms in the different systems: our 

dictionary of terms (concepts and their synonyms) has approximately six hundred 

entries and will be able to be queried by some users 

The catalog is not supported by any commercial software despite having made several attempts 

to buy one. In the CIO’s words, “What was good was extremely expensive and what was cheap 

was worthless”. 

Before reaching OwnFly, the MDM Project Leader (PL) worked at a Telecommunications 

Company that had a so-called canonical model, so when an attribute was needed in more than 

one system, it had to belong to the canonical model: business definition and technical definition. 

He says that at OwnFly even the technical definition is not standardized, and he believes that 

metadata should be born in the operational area. 

For the MDM Project Leader (PL): 

It is quite easy for users to say, “I need the data to be of good quality”, but it is 

very difficult to change some point, from input, e.g., for the data to reach this 

quality. There is more investment in bad data to make it good than to stop bad 

data from entering the system. There is a cultural issue in changing business 

processes because of DQ 

The Chief of Customer Service (CCS) considers it difficult to raise awareness in the business 

area for Data Quality (DQ). He said: 

We have a website that sells many million euros a year and the pressure for them 

to sell more is remarkably high, so DQ is not in the first line of concern. We 

already have some Key Performance Indicators (KPI) that focus on completeness: 

the percentage that have email, phone, etc. With MDM we must define process 

KPIs: for instance, what percentage is going to the data stewards (DS)  
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The Data Stewards (DS) have five years of experience with customer data and are extremely 

focused on analyzing the data lifecycle and lineage and figuring out where anomalies could 

have happened. 

 The OwnFly communication strategy focuses on a weekly meeting between the data stewards 

and the business: Digital, Loyalty and Customer Service. 

The following Critical Success Factors emerged for the interviewees: Continuous Data Quality 

Management Improvement – Input Validations (CIO, PL, CCS); Data Stewardship (BP, DS, 

PL); Data Product Lifecycle Management (DS); Focus on data customer satisfaction (CIO); 

Communication -The frontline matters (CIO, CCS); Data Quality Policies & Standards (CIO, 

PL, DS); Management of Changes (CIO); Business Model Definition (CIO); Data Quality 

Assessment/Monitoring (CIO, CCS); Personnel Competency (BP); Sponsorship (BP, PL, DS); 

Information Catalog (business definition and technical definition) (CIO, PL, DS); 

Communication (DS, PL); Supplier Partnership (CCS); Management of User Expectations 

(CIO, CCS); Training (CCS); Data Security Management (CCS), Audits and Reviews (CCS). 

For the CIO, Data Governance is a concept that includes several components, one of which is 

Data Quality, as stated by  (DAMA, 2017; Khatri & Brown, 2010) (see Figures 5 and 6 above). 

4.2.4 Reassembling and Interpreting 

The reassembling process reassembles the shards or pieces into new groups and sequences what 

was in the original notes by using substantive themes, based on combinations of fragmented 

components (Yin, 2016). The art of interpreting might be defined as providing the researcher’s 

own interpretation of the data and data arrays that have been reconstructed (Yin, 2016). 

To start, we generated concept matrices using MaxQda 2022. The initial matrix, shown in Table 

XXVIII below, illustrates the application of codes (in this instance, corresponding to Critical 

Success Factors) across the interviews conducted with the representatives from MyBank and 

OwnFly. It should be noted that the following codes have been broken down, because the 

interviewees expressly mentioned them: 
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- Continuous Data Quality Management Improvement → Input Data Validations; 

- Data Governance → Data Stewardship; 

- Data Architecture Management → Data Ownership. 

Table XXVIII below presents the use of codes by the two organizations with the CSFs ranked 

in descending order of the number of mentions. The disaggregated CSFs are highlighted in 

yellow and the new CSFs in green. 

The variability in code usage between the two companies suggests that both the Critical Success 

Factors (CSFs) and their respective importance should be evaluated within the specific industry 

context where data quality management is implemented. As Xu & Lu (2003) demonstrated 

regarding Accounting Information Systems, companies in different industries do not place 

equal importance on some CSFs. 

The first rank, with 18 mentions, includes the CSFs Continuous Data Quality Management 

Improvement and Information Catalog. While the former is in line with Delphi results, the latter 

was not included in the Delphi study. Nor is it included in the literature analyzed, although 

Baskarada (2009) includes the Metadata Management indicator at level 3 - "Measuring" of the 

DQM Capability Maturity Model. The scale has five levels, which increase as the DQM 

becomes more mature.  Level 3 indicates that "metadata is managed separately from regular 

information" (Baskarada, 2009, p. 150). For the DQM Maturity Levels see Figure 16 below. 

Khatri & Brown (2010) consider metadata one of the five decision domains for data governance 

(Figure 6) and DAMA (2017) similarly considers it one of the components of Data Governance 

(Figure 5). Nevertheless, although the CSF Information Catalog is not presented in the research 

literature, it appears as a “Key Success Factor” in a professional report, TDWI (Transforming 

Data with Intelligence) (Kobielus, 2022), which was based on an extensive survey to more than 

1,000 professionals. 

Of the CSFs ranked in the first third of the table, with between 18 and 10 mentions, apart from 

the new codes, only DQ Risk Management was not ranked in the first third of the last round of 

Delphi, occupying a position further down. 

Looking at the second third of the table for CSFs with between 9 and 4 mentions and removing 

the new code (Sponsorship), four of the CSFs were not ranked in the second third of the last 

round of Delphi: Evaluate cost/benefit trade-offs (ranked lower), Data Governance 
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(significantly higher), DQ Policies and Standards (higher), and Management Commitment and 

Leadership (significantly higher).  

Considering the third part of the table and removing the new CSFs, only Data Quality 

Requirements Management and Management of Changes were ranked higher in the Delphi. 

Table XXVIII - Use of Codes in the Two Cases 

 

Codes OwnFly MyBank Total Rank

Information Catalog 11 7 18 1

Continuous Data Quality Management Improvement (CDQMI) 13 5 18 1

CDQMI --> Input Data Validations 6 5 11 3

DQ Tools 8 3 11 3

DQ Risk Management 3 8 11 3

Culture and communication 9 2 11 3

DG -->Data Stewardship 7 3 10 7

DAM-->Data Ownership 5 5 10 7

Data Architecture Management (DAM) 1 9 10 7

Sponsorship 6 3 9 10

Focus on Data Customer Satisfaction 7 2 9 10

Personnel Competency 2 6 8 12

Data Quality Assessment/Monitoring 5 3 8 12

Data Product Lifecycle Management 2 6 8 12

Evaluate cost/benefit trade-offs 0 7 7 15

Data Governance (DG) 2 5 7 15

DQ Policies and Standards 3 3 6 17

Management Commitment and Leadership 0 4 4 18

Training 1 2 3 19

Supplier Partnership 1 2 3 19

Data Quality Requirements Management 3 0 3 19

Management of Changes 1 1 2 22

Business Processes Change 2 0 2 22

Business Model Definition 2 0 2 22

Understanding of the IS and the relevance of DQ 1 0 1 25

Management of User Expectations 1 0 1 25

Data Security Management 1 0 1 25

Audits and Reviews 1 0 1 25
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Figure 16 – DQM Capability Maturity Model 

Source: Baskarada (2009, p. 226) 

 

It is worth highlighting that the CSFs Information Catalog and DQ Tools were very well placed, 

in ranks 1and 3 respectively while the ranking of the CSFs Data Governance and Management 

Commitment and Leadership seemingly declined abruptly.  

The fall in rank of the CSF Management Commitment and Leadership is perhaps not surprising 

given that five C-level people were interviewed: three at MyBank (CIO, CDO and COC) and 

CIO and CCS at OwnFly, and all of them are completely committed to data quality. For them 

Management Commitment and Leadership would be a given, with no need to mention it.  

The lower position of the CSF data governance could be related, among other things, to the 

following factors: 

- In Delphi, the CSF Data Governance included Data Stewardship, which was highly 

ranked in the case studies, but disaggregated in their analysis; 

- Data Quality is theoretically considered a subset of Data Governance (as mentioned by 

OwnFly's CIO). See Figures 6 and 7; 
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- The companies that participated in the case studies did not have a Data Governance 

program in place. 

Tables XXIX and XXX present the relative importance of CSFs in both companies. The results 

show that the relative importance of the CSFs differs between the two companies.  

The results for OwnFly (Table XXIX) show that the most important critical success factors are, 

in descending order, Continuous Data Quality Management Improvement, Information 

Catalog, Culture and Communication, DQ Tools, Data Stewardship, Focus on Data Customer 

Satisfaction, Input Data Validations, Sponsorship, Data Ownership and Data Quality 

Assessment/Monitoring. 

For MyBank (Table XXX), the most important critical success factors are, in descending order, 

Data Architecture Management, DQ Risk Management, Information Catalog, Evaluate 

Cost/Benefit trade-offs, Personnel Competency, Data Product Lifecycle Management, 

Continuous Data Quality Management Improvement, Input Data Validations, Data Ownership, 

Data Governance and Management Commitment and Leadership. 

Some of the differences can be explained by the fact that the two companies operate in hugely 

different industries, corroborating Rockart’s (1979) findings that CSFs can differ between 

companies, even in the same industry, and between managers, although he suggests that a few 

CSFs are determined by industry-specific characteristics, whereas the remaining ones are 

produced by variations in environmental conditions, temporal considerations, geographic 

location, or strategic circumstances.  

It is worth noting that the two top-ranking CSFs in MyBank – Data Architecture Management 

and DQ Risk Management – are ranked far lower in the CSFs for OwnFly. The importance 

placed on Data Architecture Management may be due to the fact that MyBank has a Chief Data 

Officer, which is not the case at OwnFly. Regarding the CSF ranked second, DQ Risk 

Management may be perceived as very important in MyBank because the company operates in 

a highly regulated sector. 
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Table XXIX - Relative Importance of CSFs for OwnFly 

 

 

Codes OwnFly

Continuous Data Quality Management Improvement (CDQMI) 13

Information Catalog 11

Culture and communication 9

DQ Tools 8

DG -->Data Stewardship 7

Focus on Data Customer Satisfaction 7

CDQMI --> Input Data Validations 6

Sponsorship 6

DAM-->Data Ownership 5

Data Quality Assessment/Monitoring 5

DQ Risk Management 3

DQ Policies and Standards 3

Data Quality Requirements Management 3

Personnel Competency 2

Data Product Lifecycle Management 2

Data Governance (DG) 2

Business Processes Change 2

Business Model Definition 2

Data Architecture Management (DAM) 1

Training 1

Supplier Partnership 1

Management of Changes 1

Understanding of the IS and the relevance of DQ 1

Management of User Expectations 1

Data Security Management 1

Audits and Reviews 1

Evaluate cost/benefit trade-offs 0

Management Commitment and Leadership 0
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Table XXX - Relative Importance of CSFs for MyBank 

 

While both companies recognized the importance of most CSFs, there were some exceptions. 

The following CSFs were mentioned by only one of the organizations: 

- OwnFly: Data Quality Requirements Management, Business Processes Change, 

Business Model Definition, Understanding of the IS and the relevance of DQ, 

Management of User Expectations, Data Security Management and Audits and 

Reviews. It should be noted that the CSFs Business Processes Change, Business Model 

Definition and Management of User Expectations are not presented in the literature and 

were introduced by OwnFly interviewees. 

- MyBank: Evaluate Cost/Benefit Trade-Offs and Management Commitment and 

Leadership, with the absence of the latter explained above. 

To obtain a visual representation of the relative importance of the various CSFs, a Cloud Code 

was drawn up for both organizations (Figure 17), MyBank (Figure 18) and OwnFly (Figure 19). 

Codes MyBank

Data Architecture Management (DAM) 9

DQ Risk Management 8

Information Catalog 7

Evaluate cost/benefit trade-offs 7

Personnel Competency 6

Data Product Lifecycle Management 6

Continuous Data Quality Management Improvement (CDQMI) 5

CDQMI --> Input Data Validations 5

DAM-->Data Ownership 5

Data Governance (DG) 5

Management Commitment and Leadership 4

DQ Tools 3

DG -->Data Stewardship 3

Sponsorship 3

Data Quality Assessment/Monitoring 3

DQ Policies and Standards 3

Culture and communication 2

Focus on Data Customer Satisfaction 2

Training 2

Supplier Partnership 2

Management of Changes 1

Data Quality Requirements Management 0

Business Processes Change 0

Business Model Definition 0

Understanding of the IS and the relevance of DQ 0

Management of User Expectations 0

Data Security Management 0

Audits and Reviews 0
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Figure 17 - Cloud Code for Both Organizations 

 

Figure 18 - Cloud Code for MyBank 
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Figure 19 – Cloud Code for OwnFly 

To find patterns, a matrix was created to show the coding of the interviews with the CIOs of 

both organizations (Table XXXI). A similar matrix was drawn up for the customer database 

owners (Table XXXII). In both cases, codes not used in the interviews by any of the 

stakeholders were removed. 

Table XXXI - Comparing the CIOs Interviews 

 

A comparison of the results shows that Information Catalog is the critical success factor (CSF) 

most mentioned by OwnFly's CIO, and it is also mentioned by MyBank's CIO. 

Codes OwnFly MyBank Total

Information Catalog 4 2 6

Data Architecture Management 0 4 4

Input Data Validations 2 1 3

Culture and communication 2 1 3

DQ Policies and Standards 1 2 3

Data Governance 2 0 2

Data Quality Assessment/Monitoring 2 0 2

Focus on Data Customer Satisfaction 1 1 2

Continuous Data Quality Management Improvement 1 1 2

Data Ownership 1 1 2

DQ Risk Management 0 2 2

Management of Changes 1 1 2

Evaluate cost/benefit trade-offs 0 2 2

DQ Tools 1 1 2

Business Model Definition 2 0 2

Data Stewardship 0 1 1

Data Product Lifecycle Management 0 1 1

Personnel Competency 0 1 1

Management of User Expectations 1 0 1
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By contrast, CSF Data Architecture Management is brought up several times by MyBank's CIO, 

but not by OwnFly's CIO, the former stating, "To be compliant with the various regulations 

(GDPR, BCBS239, others) we must have the data architecture defined". This position suggests 

that this option is due to the bank’s obligation to comply with regulations. The importance of 

complying with regulations may also explain the fact that CSF DQ Risk Management was 

mentioned only by MyBank's CIO. 

Both CIOs mentioned the following CSFs: Input Data Validations, Culture and 

Communication, DQ Policies and Standards, Focus on Data Customer Satisfaction, Continuous 

Data Quality Management Improvement, Data Ownership, Management of Changes and DQ 

Tools. Finally, although CSF Data Stewardship was not mentioned in the interview with 

OwnFly's CIO, the company has implemented a data stewardship function.  

Table XXXII below compares the interviews with the Customer Database Owners from each 

organization. 

Table XXXII - Comparing Customer Database Owners’ Interviews  

 

The results show that there is significant variation in the importance attributed to CSFs by 

customer database owners, with just over half the CSFs being mentioned by both organizations, 

and of these, only three CSFs received multiple mentions by both customer database owners. 

The CSF Continuous Data Quality Management Improvement received the most mentions by 

OwnFly, and it is also mentioned more than once by MyBank. Input Data Validations and DQ 

Codes OwnFly MyBank Total

Continuous Data Quality Management Improvement 6 2 8

Input Data Validations 3 3 6

DQ Risk Management 2 3 5

Evaluate cost/benefit trade-offs 0 5 5

Focus on Data Customer Satisfaction 3 1 4

Data Stewardship 2 1 3

Supplier Partnership 1 2 3

Data Quality Assessment/Monitoring 2 1 3

Data Ownership 1 2 3

Training 1 1 2

Culture and communication 2 0 2

Personnel Competency 0 2 2

Information Catalog 2 0 2

Sponsorship 0 2 2

Data Governance 0 1 1

Data Quality Requirements Management 1 0 1

Data Product Lifecycle Management 0 1 1

Data Security Management 1 0 1

Audits and Reviews 1 0 1

DQ Tools 1 0 1
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Risk Management are similarly well considered by both owners. The CSFs Focus on Data 

Customer Satisfaction, Data Stewardship, Supplier Partnership, Data Quality 

Assessment/Monitoring, Data Ownership and Training are mentioned by both owners. 

Of the CSFs that were mentioned by only one organization, it should be noted that Evaluate 

Cost/Benefit trade-offs received multiple mentions by MyBank's Customer Owner, who said 

"We take up the quality of all data that allow MyBank to get in touch with the customer: 

telephone, mobile, email. We invest in all the mechanisms that allow us to keep that data up to 

date". This same CSF was also mentioned by the CIO of MyBank. 

To understand the relations among the CSFs that emerged from the case studies, a cluster 

analysis was carried out.  Figure 20 shows the code relations for the full results from the case 

studies.  

 

Figure 20 – Code Relations with Subcode Breakdown 

An analysis of the elements of Figure 20 and Table XXXIII below shows that there are three 

clusters of CSFs, which we will call A, B and C. Cluster A is made up of CSFs that were very 
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often mentioned in the interviews and that are highly related to each other. Cluster B is made 

up of CSFs that were somewhat mentioned in the interviews, but less than those in Cluster A, 

relatively related to each other, and very closely related to Cluster A. Cluster C is made up of 

unrelated CSFs, which were rarely used in the interviews, some of which relate to some of the 

CSFs in Cluster A. The outlier CSFs Audits and Reviews, Data Security Management, 

Management of User Expectations and Understanding of the IS and the relevance of DQ, in 

addition to only being used once in the interviews, have virtually no relationships with other 

CSFs. 

Notwithstanding this analysis, we moved the CSF Management Commitment and Leadership 

from Cluster C to Cluster A, since we have witnessed effective commitment of management, 

in both companies and at various levels, in efforts to improve data quality. In addition, the CSF 

was rated second in the Delphi study.  

Table XXXIII – Code Clusters with Breakdown of Subcodes  

 

To be able to compare the results of the case studies with those of the Delphi study, it was 

decided to aggregate the subcodes into their respective codes, the result of which is shown in 

Codes Cluster
Nb of Coded 

Segments

Management Commitment and Leadership A Meaningless (4)

Continuous Data Quality Management Improvement (CDQMI) A 18

Information Catalog A 18

CDQMI --> Input Data Validations A 11

DQ Tools A 11

Culture and communication A 11

DG -->Data Stewardship A 10

DAM-->Data Ownership A 10

Data Architecture Management (DAM) A 10

Sponsorship A 9

Focus on Data Customer Satisfaction A 9

Data Quality Assessment/Monitoring A 8

Data Product Lifecycle Management A 8

DQ Policies and Standards A 6

DQ Risk Management B 11

Personnel Competency B 8

Evaluate cost/benefit trade-offs B 7

Data Governance (DG) B 7

Training B 3

Supplier Partnership B 3

Data Quality Requirements Management C 3

Management of Changes C 2

Business Processes Change C 2

Business Model Definition C 2

Understanding of the IS and the relevance of DQ C 1

Management of User Expectations C 1

Data Security Management C 1

Audits and Reviews C 1
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Table XXXIV and Figure 21 below. In Appendix B code relations are shown, the number in 

the intersection between two codes represents the number of documents (interviews) in which 

they were used simultaneously.  

An analysis of Table XXXIV shows that there are still three clusters of CSFs, which we will 

call A, B and C. The clusters differ somewhat from the previous scenario, with Cluster A having 

nine CSFs, B six and C ten. As in the previous scenario, the CSFs in cluster A were very often 

mentioned in the interviews and are highly related to each other. Cluster B CSFs were somewhat 

mentioned in the interviews, but less than those in Cluster A, relatively related to each other, 

and very closely related to CSFs of Cluster A. CSFs in Cluster C were rarely used in the 

interviews, and some of them relate to some of the CSFs in Cluster A. The CSFs Audits and 

Reviews, Data Security Management, Management of User Expectations and Understanding of 

the IS and the relevance of DQ, in addition to only being used once in the interviews, have 

virtually no relationships with other CSFs.  Like the procedure for finalizing the clusters of the 

codes with the subcodes broken down, the CSF Management Commitment and Leadership was 

promoted from Cluster C to Cluster A since we have witnessed the effective commitment of 

management, in both companies and at various levels, in efforts to improve data quality. 

Moreover, the CSF was rated second in the Delphi study. The results indicate that there is 

greater compatibility between the ranking associated with the case studies and the rating 

obtained in the Delphi study. The increased compatibility is to be expected because we are now 

comparing the same concepts. 
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Figure 21 – Code Relations Without Breakdown of Subcodes  
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Table XXXIV – Code Clusters without Breakdown of Subcodes  

 

The CSFs highlighted in gray bear little or no importance in the data quality management 

process, which was confirmed in the Delphi study and the case studies. Thus, they can be 

ignored. The CSFs highlighted in yellow belong to the first cluster of Ward’s method (Figure 

14 above), in green to the second one, and in blue to the third. Comparing the clusters relating 

to the case studies and Delphi, only cluster A practically coincides with the 1st Delphi cluster, 

which is not the case with clusters B and C. 

In the interviews conducted as part of the case studies, the question "What are the current 

business drivers to data quality improvement?" was asked. As a result, a by-product of this stage 

was the identification of those business drivers, which are shown in the following table. 

  

Codes Cluster
Position 

in Delphi

Nb of Coded 

Segments
Rank

Management Commitment and Leadership 2 Meaningless (4) 1

Continuous Data Quality Management Improvement (CDQMI) 3 27 2

Information Catalog 18 3

Data Architecture Management (DAM) 4 18 3

Data Governance (DG) 1 17 5

DQ Tools 11 6

Culture and communication 5 11 6

Focus on Data Customer Satisfaction 9 9 8

DQ Policies and Standards 6 6 9

DQ Risk Management 14 11 1

Sponsorship 9 2

Data Quality Assessment/Monitoring 7 8 3

Data Product Lifecycle Management 10 8 3

Personnel Competency 11 8 3

Training 16 3 6

Evaluate cost/benefit trade-offs 18 7 1

Supplier Partnership 19 3 2

Data Quality Requirements Management 8 3 2

Management of Changes 12 2 4

Business Processes Change 2 4

Business Model Definition 2 4

Understanding of the IS and the relevance of DQ 17 1 7

Management of User Expectations 1 7

Data Security Management 13 1 7

Audits and Reviews 15 1 7

A

B

C
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Table XXXV – Business Drivers for DQM 

Business Driver MyBank OwnFly Total

Regulations 11 1 12

Customer Satisfaction 3 6 9

Increase in Sales 4 2 6

Cost Optimization 4 0 4

Managing the Business 1 0 1

Digital Transformation 1 0 1  

The business drivers identified are in line with the literature (DAMA, 2017; Kobielus, 2022; 

Redman, 1996), including the four most important ones, which are Regulations, Customer 

Satisfaction, Increase in Sales, and Cost Optimization. 

4.2.5 Concluding 

This study found two new CSFs, Information Catalog and DQ Tools, that were not included in 

the research literature and are of fundamental importance for the DQM process, as analyzed 

above. Although these two CSFs are not presented in research literature, they appear in a 

professional report, TDWI (Transforming Data with Intelligence) (Kobielus, 2022) , which was 

based on an extensive survey of more than 1,000 professionals. The report states that those who 

said they had managed data quality successfully were more likely to say they planned to use a 

data catalog for DQM soon. A more recent TDWI report (Kobielus, 2024) pointed out the need 

to use DQ tools with embedded machine learning models. 

In addition, three clusters of CSFs, A, B and C, were identified in descending order of 

importance. Thus, the results suggest that the CSFs in each cluster should be applied in 

ascending order of the rank (Table XXXIV and Figure 21 above). 

This study also revealed that both the CSFs for Data Quality Management and their relative 

importance depend on each organization and probably the industry, corroborating results from  

(Xu & Lu, (2003). Given such variation, the identification and prioritization of CSFs for DQM 

in different industries constitutes a very interesting topic for future research. 
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Figure 22 - CSF Clusters 

Source: The author 

  

Cluster A

Most important and 

highly correlated CSFs

Cluster B 

Important CSFs, 

somewhat correlated 

with each other and 

correlated with the 

CSFs of Cluster A

Cluster C 

CSFs of little 

Importance, very 

little correlated 

with each other 

and somewhat 

correlated with the 

CSFs of Cluster A

Management Commitment and Leadership 1

Continuous Data Quality Management Improvement 2

Information Catalog 3

Data Architecture Management 3

Data Governance 5

DQ Tools 6

Culture and communication 6

Focus on Data Customer Satisfaction 8

DQ Policies and Standards 9

DQ Risk Management 1

Sponsorship 2

Data Quality Assessment/Monitoring 3

Data Product Lifecycle Management 3

Personnel Competency 3

Training 6

Evaluate cost/benefit trade-offs 1

Supplier Partnership 2

Data Quality Requirements Management 2

Management of Changes 4

Business Processes Change 4

Business Model Definition 4

Understanding of the IS and the relevance of DQ 7

Management of User Expectations 7

Data Security Management 7

Audits and Reviews 7
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5 DISCUSSION 

The case studies only partially confirmed the order of importance of the CSFs found in the 

Delphi study, but they did make it possible to identify two new CSFs to which the interviewees 

gave great importance overall, namely Information Catalog and Data Quality Tools. It should 

be noted that these two CSFs are not referenced in the research literature. 

Looking at the Table XXXIV above, we can see: 

- The 9 CSFs in Cluster A were in the top 9 in the Delphi study (except for Information 

Catalog and DQ Tools, which were not analyzed in Delphi), so the results were largely 

confirmed for this cluster; 

- For Cluster B, the results partially confirmed those of Delphi, with the exception of the 

CSFs "Data Quality Assessment/Monitoring" and “Training”, which were ranked 

respectively higher and lower in Delphi; 

- For Cluster C, the case studies also partially confirmed the Delphi results: the CSF "Data 

Quality Requirements Management" and "Management of Changes" were ranked 

respectively in the 8th and 12th positions in the Delphi, far higher than the positions 

they are now in. The CSFs "Data Security Management", "Understanding of the IS and 

the relevance of DQ" and "Audits and Reviews" were also near the bottom of the Delphi. 

In short, from this study it can be concluded that the nine CSFs in cluster A are the most reliable 

for use by organizations. 

The "Data Governance" CSF deserves some reflection as it has only been identified in the 

literature in three documents (Baskarada & Koronios, 2014; Santos, 2015; Santos & Lucas, 

2019), the first calling it “Information Quality Management Governance”. This denomination 

is unsuitable because management and governance are two different concepts. According to 

Khatri & Brown (2010, p. 148) governance refers to “what decisions must be made to ensure 

effective management and use” of an asset “and who makes the decisions” and management 

“involves making and implementing decisions”.  

While the CSF Data Governance was introduced by 4 of 6 attendees of the focus group and 

came first in all three Delphi rounds, its definition, which was used in the Delphi and the case 

studies, suggests that it may be a core capability and not a critical success factor for data quality 

management. Indeed, DAMA (2017, p. 493) argues that “A data quality program is more 

effective when part of a data governance program. Often data quality issues are the reason for 
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establishing enterprise-wide data governance”. Thus, it may be considered a core capability for 

data quality management (DAMA, 2017; Karkošková, 2023). This subject cannot be clarified 

in this work, but only in further studies. 
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6 RELEVANCE, CONCLUSIONS, LIMITATIONS AND FURTHER RESEARCH 

6.1 Relevance 

 Redman (2017) states that increased data quality leads to reduced errors, reduced expenses, 

improved decisions, and superior outcomes for organizations. He estimates that the cost of bad 

data to be 15% to 25% of revenue for most companies. In 2016, IBM reported that the annual 

cost of bad data quality in the United States was $3.1 trillion (Redman, 2016) and Gartner 

(Sakpal, 2021) estimated in 2021 that, on average, poor data quality costs organizations $12.9 

million per year. 

The impact of poor data quality is terrible for business and certainly forces companies to 

improve the quality of their data. According to Tom Peters (DAMA International, 2009, p. 1) 

"Organizations that do not understand the overwhelming importance of managing data and 

information as tangible assets in the new economy will not survive". 

The growing use of data analytics, especially for predictive analysis, as well as generative 

artificial intelligence tools, is leading companies to increasingly seek to improve the quality of 

their data and establish good DQM practices (Côrte-Real et al., 2020; Davenport & Tiwari, 

2024; Kobielus, 2024; Liu et al., 2021). 

The identification of critical success factors for data quality management, defined as the limited 

number of areas in which results, if they are satisfactory, will ensure data with better quality, is 

thus important for companies that want, or are obliged, to improve the quality of their data. This 

is the main reason for this research. 

6.2 Conclusions 

This research was motivated by a real problem of data quality in organizations, and some gaps 

in the theory. It aims to provide organizations with a framework of critical success factors made 

up of the CSFs themselves and a priority for their implementation according to their importance. 

It also contributes to theory by proposing three clusters of CSFs and prioritizing their 

implementation, as well as identifying two new CSFs: Information Catalog and DQ Tools. 

Information Catalog was defined by interviewees as “a catalog that supports efficient metadata 

management and must contain technical definitions and business concepts to be queried by 

some users. For business concepts it can be a dictionary of terms (organizational concepts and 

their synonyms”. DQ Tools is defined by Gartner (n.d.) as “processes and technologies for 

identifying, understanding, and correcting flaws in data that support effective information 
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governance across operational business processes and decision making. The packaged tools 

available include a range of critical functions, such as profiling, parsing, standardization, 

cleansing, matching, enrichment, and monitoring”. More recently, corporations are using AI-

driven DQM automation, which according to TDWI (Kobielus, 2022, p. 13), refers to “the use 

of embedded machine learning models to handle one or more DQM functions like reliably, 

repeatedly, and accurately without needing direct human oversight and assistance”. 

Given the objective of the study, it was decided to use the Design Science Framework, defined 

as “a research paradigm in which the designer answers questions relevant to human problems 

via the creation of innovative artefacts, thereby contributing new knowledge to the body of 

scientific evidence” (Hevner & Chatterjee, 2010, p. 5). The Design Science Framework consists 

of two phases, the first of which involves developing/creating the artifacts/theories and the 

second evaluating them.  

The research questions for this study were: 

- What are the critical success factors (CSF) for data quality management? 

- What are the priorities for the implementation of CSFs according to their importance? 

Both questions were answered in this research, and Clusters A, B and C were found, whose 

CSFs should be used in ascending order of the cluster name and, in each cluster, in ascending 

order of the rank number (see Figure 22 above). 

6.3 Limitations 

For this work qualitative research was chosen because we wanted to study in depth the 

perspective of the various stakeholders on what they consider to be the critical success factors 

for data quality management and why. As a qualitative research study, its results can only be 

generalized to the theory (analytical generalization) and not to the population, which is the case 

with quantitative research (Yin, 2016).  Finally, it was not possible to determine if “Data 

Governance” is a CSF for data quality management or a core capability for DQM because the 

companies in which the case studies were carried out had not implemented a data governance 

approach. 
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6.4 Further Research 

The qualitative approach of this study is very appropriate for providing fresh perspectives for 

potential future research studies. The research process has brought to light some ideas about 

which aspects need to be investigated further.  

It would be interesting to apply the CSFs pretended in cluster A in the prescribed order in some 

organization and during a certain time and analyze the impacts of improving data quality. 

Future research could focus on the impact of recent tools using machine learning and artificial 

intelligence on improving the quality of company data.  

It would also be interesting to explore the role of Data Governance in improving data quality 

management, to understand if it is a critical success factor or a core capability.  

Another topic to explore is the confirmation of Data Catalog and Data Quality Tools as CSFs 

for data quality management, as well as their prioritization.  

Another idea for future research is the update of Xu & Lu’s (2003) work by investigating the 

identification of CSFs for DQM, as well as their prioritization, in different industries, a topic 

that we identified in the results of the two case studies. Finally, we suggest that future research 

can explore the identification and prioritization of CSFs for different groups of stakeholders 

(e.g. data consumers, data entry staff, data stewards, data owners). 
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A Focus Group was held at a meeting room in ISEG, University of Lisbon. The duration of the 

meeting was 1 hour and 16 minutes and the 6 attendees were recognized academics and 

practitioners. (Belanger, 2012) prescribes that the number of participants in a focus group 

should be from 3 to 10, the most common number being 5 to 7, and the duration should be 

between 1 and 2 hours. I carried out the role of moderator. 

I gratefully acknowledge the contributions of the participants who took part in this focus group 

meeting. 

The focus group discussion was recorded, with the participants’ permission. 

Prior to the meeting, the participants were sent a list of the CSFs (Table XV) by email, and they 

were informed of the focus group’s objective: to try to reduce the number of CSF. The meeting 

sought consensus in the answer to the following three questions: 

- Is there any CSF that should not be considered as such? 

- Are there some CSFs missing? Which ones? 

- Is there any CSF that can be merged with another or others? 

The moderator began the meeting defining the concept of CSFs. She then reminded the 

participants of  the above questions to discuss. 

Four participants agreed to add “data governance” to the list of CSFs, and one of them defined 

data governance as “set of key actions to ensure data compliance with organizational 

strategies”.  

Another participant considered that the definition of "organization for quality" corresponds to 

the concept of "data governance" and suggested that the CSF "teamwork" be included in "data 

governance". The same participant proposed that “physical environment”, “storage 

management” and “nature of IS” should be considered as contingency factors, not CSFs for 

DQ. The remaining participants did not oppose those proposals. 

One participant said there was a lot of intersection in the CSFs definitions and the whole group 

agreed with him. The moderator agreed with the group and asked the participants to help, as far 

as possible, to redefine the CSFs whose definitions intersect. This was partially achieved, as 

will be seen below. 
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One participant outlined the essential CSFs, from her point of view: 

- Data quality should be in line with the strategic plan. This CSF was later included in the 

“Management Commitment and Leadership” CSF; 

- DQ policies and standards; 

- Monitoring and control of compliance with policies and standards; 

- Input validations; 

- Organizational culture with a focus on DQ; 

- Top Management commitment to DQ; 

- External data flows (included in CSF "Information Product Lifecycle Management"). 

She explained that this CSF gained great importance with the entry into force of the 

General Data Protection Regulation (GDPR), on May 28, 2018.This CSF has an 

enormous relevance to respond to external reporting. 

Another participant pointed out that, from his point of view, the most relevant CSFs are: 

- Data Quality Assessment/Monitoring; 

- Stakeholder identification (included in the CSF “Data Quality Requirements 

Management”); 

- Management Commitment and Leadership; 

- Continuous Data Quality Management Improvement; 

- Focus on Data Customer Satisfaction; 

- Information Architecture Management, considered as the architecture of the IS 

ecosystem, or its geography, is relevant to the type of DQ initiatives. The architecture 

of IS ecosystem is related to the flows of information, as well as the ownership of the 

data in each system. 

The same participant suggested adding a CSF which he termed "company maturity with respect 

to data processing", which was seconded by another participant. The moderator argued that the 

"maturity" should not be considered a CSF, because it corresponds to the state of the company, 

prior to any DQ initiative, and therefore cannot be considered as “an area that must be given 

special and continual attention to succeed in DQ initiatives”. The participant presented an 

example of the applicability of the CSF to a company that has just started their activity. The 

moderator argued that it is a very special case, and the proposed CSF should not be considered. 
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Two participants suggested the CSF “strategic data quality planning” could be considered as 

“Data quality should be in line with the strategic plan” and one participant suggested that it 

could be included in the CSF “management commitment and leadership”.  

It was proposed that the CSF “understanding of the information systems and DQ” be renamed 

as “understanding of the information systems and the relevance of DQ”. 

After some discussion, the participants reached a consensus to include the CSFs "continuous 

improvement" and “DQ controls/input controls” in the CSF "continuous information quality 

management improvement". One participant suggested including in the description of 

"continuous information quality management improvement " the following: “set of actions we 

must take to improve data quality” and gave an example of a change in a data collection screen 

to facilitate the insertion of certain data. 

The group agreed to change the name of the CSF “customer focus and satisfaction” to “focus 

on data customer satisfaction”, and some discussion about the concept of data customer was 

generated. The group came to the consensus that there are two types of data customer: the clients 

(external customers) and the so-called users, who are the internal customers. 

After some discussion the group agreed to include micro changes, such as the change of an 

attribute domain, in the CSF "management of changes”. One participant proposed, and it was 

accepted, to change the definition of “management of changes” to include the following “active 

inclusion of the DQ requirements updating in the context of management of changes”. 

One participant proposed to change the name of the CSF “risk management” to “DQ risk 

management”, which was accepted. 

After the focus group meeting finished, I considered that like other CSFs that were considered 

contingency factors, the CSF "employee relations” should also be considered a contingency 

one. 

As a result of the meeting, I reorganized the list of CSFs, changed some of their names and 

modified some of the definitions as agreed at the focus group.  

In the final review of the CSFs list, I decided that the definition of IQ-KPIs is better included 

in CSF “Information Quality Assessment/Monitoring” and therefore removed it from CSF 

“Continuous Information Quality Management Improvement” and included it in “Information 

Quality Assessment/Monitoring”. 
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The report of the focus group meeting, as well as the amended list of CSFs (Table XXI), was 

sent to the participants, requesting their feedback. 
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APPENDIX B: CODE RELATIONS 
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Code System
Data 

Governance

Management 

Commitment 

and 

Leadership

Training

Data Quality 

Requirements 

Management

Supplier 

Partnership

Data Product 

Lifecycle 

Management

Data Quality 

Assessment/

Monitoring

Data Governance 0 2 3 2 2 5 5

Management Commitment and Leadership 2 0 1 0 0 2 1

Training 3 1 0 1 2 2 3

Data Quality Requirements Management 2 0 1 0 1 1 1

Supplier Partnership 2 0 2 1 0 1 2

Data Product Lifecycle Management 5 2 2 1 1 0 2

Data Quality Assessment/Monitoring 5 1 3 1 2 2 0

Focus on Data Customer Satisfaction 6 0 2 2 2 3 4

Continuous Data Quality Management Improvement 7 1 3 2 2 4 5

Culture and communication 6 1 2 2 1 3 4

Data Architecture Management 9 2 3 2 2 5 5

Data Security Management 1 0 1 1 1 0 1

DQ Risk Management 6 2 3 1 2 4 3

Understanding of the IS and the relevance of DQ 0 0 0 0 0 0 0

Personnel Competency 4 1 2 0 1 3 2

DQ Policies and Standards 5 1 0 1 0 3 2

Management of Changes 2 0 0 0 0 1 1

Audits and Reviews 1 0 1 1 1 0 1

Evaluate cost/benefit trade-offs 2 0 1 0 1 2 1

Business Processes Change 1 0 0 1 0 1 0

Information Catalog 8 2 2 2 1 4 4

DQ Tools 7 1 2 2 1 3 4

Sponsorship 5 1 2 1 1 3 3

Management of User Expectations 1 0 0 0 0 0 1

Business Model Definition 1 0 0 0 0 0 1
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Code System

Focus on 

Data 

Customer 

Satisfaction

Continuous 

Data Quality 

Management 

Improvement

Culture and 

communicatio

n

Data 

Architecture 

Management

Data Security 

Management

DQ Risk 

Management

Understandin

g of the IS 

and the 

relevance of 

DQ

Data Governance 6 7 6 9 1 6 0

Management Commitment and Leadership 0 1 1 2 0 2 0

Training 2 3 2 3 1 3 0

Data Quality Requirements Management 2 2 2 2 1 1 0

Supplier Partnership 2 2 1 2 1 2 0

Data Product Lifecycle Management 3 4 3 5 0 4 0

Data Quality Assessment/Monitoring 4 5 4 5 1 3 0

Focus on Data Customer Satisfaction 0 6 5 6 1 3 0

Continuous Data Quality Management Improvement 6 0 6 7 1 4 1

Culture and communication 5 6 0 6 1 3 0

Data Architecture Management 6 7 6 0 1 6 0

Data Security Management 1 1 1 1 0 1 0

DQ Risk Management 3 4 3 6 1 0 0

Understanding of the IS and the relevance of DQ 0 1 0 0 0 0 0

Personnel Competency 2 3 2 4 0 4 0

DQ Policies and Standards 4 4 4 5 0 2 0

Management of Changes 2 2 2 2 0 1 0

Audits and Reviews 1 1 1 1 1 1 0

Evaluate cost/benefit trade-offs 2 2 1 2 0 2 0

Business Processes Change 1 1 1 1 0 0 0

Information Catalog 5 7 6 8 1 5 1

DQ Tools 5 6 6 7 1 4 0

Sponsorship 3 5 3 5 0 3 1

Management of User Expectations 1 1 1 1 0 0 0

Business Model Definition 1 1 1 1 0 0 0
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Code System
Personnel 

Competency

DQ Policies 

and 

Standards

Management 

of Changes

Audits and 

Reviews

Evaluate 

cost/benefit 

trade-offs

Business 

Processes 

Change

Information 

Catalog

Data Governance 4 5 2 1 2 1 8

Management Commitment and Leadership 1 1 0 0 0 0 2

Training 2 0 0 1 1 0 2

Data Quality Requirements Management 0 1 0 1 0 1 2

Supplier Partnership 1 0 0 1 1 0 1

Data Product Lifecycle Management 3 3 1 0 2 1 4

Data Quality Assessment/Monitoring 2 2 1 1 1 0 4

Focus on Data Customer Satisfaction 2 4 2 1 2 1 5

Continuous Data Quality Management Improvement 3 4 2 1 2 1 7

Culture and communication 2 4 2 1 1 1 6

Data Architecture Management 4 5 2 1 2 1 8

Data Security Management 0 0 0 1 0 0 1

DQ Risk Management 4 2 1 1 2 0 5

Understanding of the IS and the relevance of DQ 0 0 0 0 0 0 1

Personnel Competency 0 1 1 0 2 0 3

DQ Policies and Standards 1 0 2 0 1 1 5

Management of Changes 1 2 0 0 1 0 2

Audits and Reviews 0 0 0 0 0 0 1

Evaluate cost/benefit trade-offs 2 1 1 0 0 0 1

Business Processes Change 0 1 0 0 0 0 1

Information Catalog 3 5 2 1 1 1 0

DQ Tools 3 4 2 1 1 1 7

Sponsorship 3 2 0 0 1 1 5

Management of User Expectations 0 1 1 0 0 0 1

Business Model Definition 0 1 1 0 0 0 1
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Code System DQ Tools Sponsorship

Management 

of User 

Expectations

Business 

Model 

Definition

Data Governance 7 5 1 1

Management Commitment and Leadership 1 1 0 0

Training 2 2 0 0

Data Quality Requirements Management 2 1 0 0

Supplier Partnership 1 1 0 0

Data Product Lifecycle Management 3 3 0 0

Data Quality Assessment/Monitoring 4 3 1 1

Focus on Data Customer Satisfaction 5 3 1 1

Continuous Data Quality Management Improvement 6 5 1 1

Culture and communication 6 3 1 1

Data Architecture Management 7 5 1 1

Data Security Management 1 0 0 0

DQ Risk Management 4 3 0 0

Understanding of the IS and the relevance of DQ 0 1 0 0

Personnel Competency 3 3 0 0

DQ Policies and Standards 4 2 1 1

Management of Changes 2 0 1 1

Audits and Reviews 1 0 0 0

Evaluate cost/benefit trade-offs 1 1 0 0

Business Processes Change 1 1 0 0

Information Catalog 7 5 1 1

DQ Tools 0 4 1 1

Sponsorship 4 0 0 0

Management of User Expectations 1 0 0 1

Business Model Definition 1 0 1 0
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Code System 

1 Data Governance 7 

     1.1 Data Stewardship 10 

2 Management Commitment and Leadership 4 

3 Training 3 

4 Data Quality Requirements Management 3 

5 Supplier Partnership 3 

6 Data Product Lifecycle Management 8 

7 Data Quality Assessment/Monitoring 8 

8 Focus on Data Customer Satisfaction 9 

9 Continuous Data Quality Management Improvement 18 

     9.1 Input Data Validations 11 

10 Culture and communication 11 

11 Data Architecture Management 10 

     11.1 Data Ownership 10 

12 Data Security Management 1 

13 DQ Risk Management 11 

14 Understanding of the IS and the relevance of DQ 1 

15 Personnel Competency 8 

16 DQ Policies and Standards 6 

17 Management of Changes 2 

18 Audits and Reviews 1 

19 Evaluate cost/benefit trade-offs 7 

20 Business Processes Change 2 

21 Information Catalog 18 

22 DQ Tools 11 

23 Sponsorship 9 

24 Management of User Expectations 1 

25 Business Model Definition 2 

1 Data Governance 

This entails a series of important steps to guarantee that data are compliant with organizational 

strategies (Focus Group). It establishes a proper organizational structure for the generation of high-

quality data. It should specify who is responsible for the DQ: appoint data stewards and a data champion 

(Santos, 2015); appoint an expert or a group of experts as DQ managers. Promote teamwork between 

business and IT people, as a key to improve data quality (Xu et al., 2003) (Focus Group). 
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1.1 Data Stewardship 

Communities of Interest focused on one or more specific subject-areas or projects, collaborating or 

consulting with project teams on data definitions and data management standards related to the focus. 

Consists of business and technical data stewards and data analysts DAMA (2017) 

2 Management Commitment and Leadership 

Top management must establish a solid foundation of clear data quality values and policies, as well as 

supply the necessary resources (Hietschold et al., 2014).  

“Data quality should be in line with the strategic plan” (Focus Group). To achieve consistent and long-

term excellence, companies must incorporate data quality into their organizational strategy (Hietschold 

et al., 2014). 

3 Training 

Employee engagement and empowerment require knowledge of data quality concepts, methods, and 

tools (Hietschold et al., 2014). Training needs should be recognized and documented, and training 

workshops should be held on a regular basis. Mentoring programs should ensure on-the-job 

professional development in addition to formal training (Baskarada & Koronios, 2014). 

4 Data Quality Requirements Management 

All relevant stakeholders should be identified, and their requirements collected and modelled. 

(Baskarada & Koronios, 2014). 

5 Supplier Partnership 

Data supplier quality management entails establishing a successful data quality management 

relationship with raw data suppliers. There are two key components:  

1. To come to an agreement on the acceptable level of raw data quality, including requirements for 

availability, currency, accuracy, and completeness; 2. To provide data suppliers with regular data quality 

reports and technical assistance (Xu et al., 2003). 

6 Data Product Lifecycle Management 

Managing information as a product as well as effectively managing the information processes (life cycles 

of critical information products) is important for effective data quality management. One of the aspects 

of this CSF includes identifying and documenting the data flow within the organization as well as 

between the organization and any external parties (i.e., information product supply chain management) 

(Baskarada & Koronios, 2014). Clarity of process ownership (process owners), boundaries, and steps are 

very important (Saraph et al., 1989). 

7 Data Quality Assessment/Monitoring 

Prior to attempting any DQ improvements, the existing status of DQ must be assessed, and qualitative 

and quantitative metrics must be developed and used (DQ-KPI) (Baskarada & Koronios, 2014).  

It should be possible to access most of the data quality dimensions using profiling tools. DQM metrics 

or Key Performance Indicators (DQ-KPIs) should be defined qualitatively and quantitatively, and then 
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utilized to continually analyze the efficacy of corporate DQM activities (Baskarada & Koronios, 2014) 

(Focus Group). DQ should be evaluated at regular intervals using the same data profiling tools. In 

addition, policy and standard compliance should be monitored. 

8 Focus on Data Customer Satisfaction 

This means concentrating on the needs and quality requirements of data clients. It should allow data 

clients to actively participate in ensuring and improving data quality (Xu et al., 2003). Clients (external 

customers) and internal customers are both referred to as "data customers." 

9 Continuous Data Quality Management Improvement 

“Set of actions we must take to improve data quality” (Focus Group). There is a need for continuous and 

consistent data quality improvement, materialized as a set of actions that must be taken to improve data 

quality, such as input validations and human data quality controls (Xu et al., 2003). 

9.1 Input Data Validations 

The practice of comparing input that the program receives to a standard that is specified within the 

application is known as input validation. 

10 Culture and communication 

Encouragement of a data quality improvement culture within the organization (S. A. Black & Porter, 

1996). Communication is considered a two-way process, with channels for feedback available.  

Communication is viewed as an ongoing process, with attention given to approaches of reinforcing the 

concepts in the future (Porter & Parker, 1993). 

11 Data Architecture Management 

Architecture of the IS ecosystem, or its geography, is relevant to the type of DQ initiatives. The 

architecture of the IS ecosystem should be described, namely the flows of information should be 

depicted, and the ownership of the data in each system should be identified (Focus Group). 

11.1 Data Ownership 

The term "data ownership" describes the responsibility for information as well as its possession. Both 

control and power are implied by ownership. Information control encompasses not only the capacity to 

access, create, modify, package, profit from, transfer, or delete data, but also the authority to provide 

other people with access rights to that data. 

12 Data Security Management 

Access security is a critical DQ dimension, and data security management necessitates the 

implementation of effective access controls that ensure that all users are properly authenticated and 

authorized with the bare minimum of privileges. IS developers, for example, should not be given access 

to the production environment. Audit trails (logs of users' activities on the IS) must also be analyzed (for 

example, for exceptions) and reviewed on a regular basis (Baskarada & Koronios, 2014). 

13 DQ Risk Management 

Risk management can be defined as the awareness of the implications of poor DQ and the level of 

commitment to reducing them (Xu et al., 2003). DQ risks to company objectives (such as financial, 

reputational, and regulatory risks) must be diagnosed, documented, assessed, categorized, prioritized, 



 

 

 

121 

and mitigated/controlled. Effective DQ Risk Management should allow organizations to concentrate 

their DQM efforts on the most critical information products, resulting in increased DQM efficiency and 

effectiveness (Baskarada & Koronios, 2014). 

14 Understanding the IS and the relevance of DQ 

It is important to understand how the information systems work (technical competence) and IT personnel 

and data customers need to understand the importance of data quality (Xu et al., 2003). 

15 Personnel Competency 

The ability of employees in charge of IS is especially important; for example, exceptionally talented and 

knowledgeable personnel in both technical and business areas are required (Xu et al., 2003). 

16 DQ Policies and Standards 

Simple, relevant, and consistent data quality policies and standards must be in place inside the 

organization. There are two primary parts:  

1. Establishing specified and relevant data quality policies and standards;  

2. Implementing and enforcing policies and standards (Xu et al., 2003). 

17 Management of Changes 

“Active inclusion of the DQ requirements updating in the context of management of changes” (Focus 

Group). DQ requirements, which can be internal or external, should be included and consistently updated 

in the process of management of changes. Internal changes include structural changes, such as 

organizational restructuring, as well as micro changes, such as the change of an attribute domain. 

External changes include things such as government regulations, technology, economy, and market 

changes (Xu et al., 2003). 

18 Audits and Reviews 

Independent internal and external audits of the systems and data quality should be conducted to ensure 

that appropriate controls are in place, and data quality reviews should be conducted regularly (Xu et al., 

2003). 

19 Evaluate cost/benefit trade-offs 

It's critical to evaluate the costs of poor DQ and corresponding improvement activities, as well as any 

potential benefits or cost savings that may result from any process enhancements, before moving 

forward with any process improvements (Baskarada & Koronios, 2014). 

20 Business Processes Change 

There should be flexibility to change business processes. DQ processes close to the customer should be 

used. 

21 Information Catalog 

An information catalog that supports efficient metadata management should be created. It must contain 

Technical definitions and Business Concepts to be queried by some users. For Business Concepts it can 

be a dictionary of terms (organizational concepts and their synonyms). 
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22 DQ Tools 

Data quality tools are the processes and technologies for identifying, understanding and correcting flaws 

in data that support effective information governance across operational business processes and 

decision making. The packaged tools available include a range of critical functions, such as profiling, 

parsing, standardization, cleansing, matching, enrichment and monitoring (Gartner Glossary 

https://www.gartner.com/en/information-technology/glossary/data-quality-tools ). 

More recently, corporations are using AI-driven DQM automation, which according to TDWI (Kobielus, 

2022), refers to the use of embedded machine learning models to handle one or more DQM functions 

reliably, repeatedly, and accurately without needing direct human oversight and assistance. 

23 Sponsorship 

Someone at C-Level that has a vision of the importance of information assets quality. 

24 Management of User Expectations 

Avoid False expectations. 

25 Business Model Definition 

A well-defined business model allows us to identify what needs to be improved in the DQ. 


