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The objective of this bachelor’s thesis is to find data quality issues and introduce data quality 

improvement methods for an anonymous case company’s aftermarket business area. The 

thesis uses literary review and qualitative research methods. The qualitative research consists 

of five semi-structured interviews in the case company. The thesis consists of three parts: 

First, the theory of data quality is presented. Data quality is defined in different ways based 

on applied context. Different data quality definitions are compared. A framework defining 

data quality is consolidated based on the literature.  

Then, the consolidated framework is used in semi-structured interviews in the case company 

to find and map its data quality problems. The qualitative research finds more completeness, 

timeliness, and accessibility data quality issues. 

The findings of these interviews are introduced ideas for improvement from the literature. 

The most relevant steps in the context of this thesis are selected. Data quality improvement 

costs, identification of errors, strategies and techniques and measuring data quality are 

discussed. 

This thesis maps distinct data quality issues in the case company and introduces data quality 

improvement methods for these issues. These improvement ideas are not implemented in 

this thesis. The most cost-effective solution is not discussed. This thesis provides the reader 

understanding of data quality and tools for data quality assessment and improvement.  
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Tämän kandidaatintyön tavoitteena on löytää nimettömän case yrityksen datan laadun 

parannuskeinoja sen jälkimarkkinaliiketoiminta-alueelle. Työ on toteutettu 

kirjallisuuskatsauksen, sekä kvalitatiivisen tutkimusmenetelmän avulla. Kvalitatiivinen 

osuus koostuu viidestä aihekeskustelusta case yrityksessä. Työ koostuu kolmesta osuudesta: 

Aluksi datan laadun teoria esitellään. Datan laadun määritelmä vaihtelee käyttökohteen 

mukaan. Erilaisia datan laadun osa-alueita vertaillaan. Kirjallisuutta yhdistämällä luodaan 

datan laadun määrittävä viitekehys. 

Luotua viitekehystä käytetään case yrityksen aihekeskusteluissa työkaluna löytää ja 

kartoittaa datan laadun ongelmia. Kvalitatiivisessa tutkimuksessa löydetään eniten 

puutteellisuuteen, ajantasaisuuteen, sekä esteettömyyteen liittyviä datan laadun ongelmia. 

Haastatteluissa ilmenneille ongelmille etsitään kehitysehdotuksia kirjallisuudesta. Datan 

laadun kehitysprosessista valitaan työn kontekstiin sopivimmat askeleet. Datan laadun 

parantamisen kustannuksia, virheiden löytämistä, strategioita ja tekniikoita, sekä datan 

laadun mittaamista käsitellään. 

Työ kartoittaa case yrityksen datan laadun ongelmia ja esittää niille kehitysehdotuksia. 

Kehitysehdotuksia ei jalkauteta tässä työssä. Kustannustehokkainta ratkaisua ei käsitellä 

tässä työssä. Tämä työ auttaa lukijaa ymmärtämään mitä datan laatu on, sekä antaa työkaluja 

sen määrittämiseen ja parantamiseen.  
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1. Introduction 

One of the key challenges for spare parts supply chain is cost effectiveness (Andersson, 

Jonsson, 2018). This leads companies to use outsourced make-to-order products. Although 

there are numerous benefits for outsourcing, it has also brought up new challenges in the 

form of data quality. Spare parts sales representatives have been reported to lose business 

opportunities in the case company. These lost opportunities happened due to defects in data. 

This thesis discusses different frameworks for assessing data quality and tries to find 

solutions to identified problems in the data quality of the case company. 

The case company’s data we are handling in this thesis is stored and accessed in the 

Enterprise Resource Planning (ERP) application. Due to the private nature of this data, the 

case company wished to remain anonymous. The case company’s problem can be addressed 

through generalisations of the problem, which is achieved by linking the problem description 

by the case company to data quality theory and going over improvement frameworks for this 

theory. 

 

1.1. Why is this work needed? 

The concept of data quality seems to be quite fragmented in literature. Existing frameworks 

are case specific and need to be modified to the specific use cases, which creates the need 

for this kind of work to be done in the case company. Some frameworks for data quality 

have been proposed, but they need to be modified and validated based on the context of this 

thesis. Overall, the professionals of this field disagree on the universal way of quantifying 

and defining data quality. This topic was brought to the author by a case company, that 

wishes to remain anonymous. The case company looks to improve its data quality in its spare 

parts supply chain. 
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1.2. Objectives and the research question 

Objectives of this thesis are to find data quality improvement methods from literature and 

discuss their use in the case company. The thesis is focused on outsourced make-to-order 

spare part supplier data and its flow to sales representatives and does not consider any other 

form of data. Data quality problems bring up process- and opportunity costs (Batini, 

Cappiello Cinzia, Francalanci Chiara, Maurino Andrea, 2009, pp. 9). We will be discussing 

data quality problems that are believed to have led to opportunity costs to narrow down the 

scope of this thesis. This created our research question, which is: 

How can we improve the data quality in a way that we can avoid missed 

business opportunities in the future? 

This question can be broken into three different objectives: 

 Find existing data quality frameworks. 

Interview the case company representatives on their data quality problems and 

focus the scope on a few key dimensions using found data quality frameworks. 

Find existing improvement methods on the focused scope. 

While the anonymity of the case company could hurt the depth that the data quality can be 

discussed, we believe that this concept can be discussed well enough through theory and 

generalizations of the frameworks presented. 

 

1.3. Methods and structure 

The thesis is done using literary review and semi-structured interview research methods. The 

literary review is done to understand concepts of data quality and to find suitable frameworks 

for this topic. Later in the thesis we are using semi-structured interviews to understand how 

these theories apply to the case company. Keywords used and results found in the literary 

review are presented in Table 1. Main database used in searching information was LUT 

Primo. Scopus was used to validate selected references by checking reference counts and 

verifying journal relevance in the scientific community. 
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Table 1: Literary review summary 

Used keywords Database(s) Filter(s) Results 

“Data quality 

dimensions” 

LUT Primo, 

validated with 

Scopus 

2017-2022, Peer-reviewed Journals, 

Conference Proceedings, Articles 

215 publications, 9 

selected for review. 

"Enterprise 

resource 

planning" AND 

"data quality" 

LUT Primo, 

validated with 

Scopus 

Peer-reviewed Journals, Articles, 

Conference proceedings 

727 publications, 2 

selected for review. 

“Data quality 

framework” 

LUT Primo Peer-reviewed Journals, Articles, Book 

Chapters 

189 publications, 2 

selected for review. 

"Data quality 

problem solving" 

LUT Primo, 

validated with 

Scopus 

Peer-reviewed Journals 8 publications, 3 selected 

for review. 

“Data quality 

improvement” 

LUT Primo, 

validated with 

Scopus 

2017-2022, Peer-reviewed Journals, 

Articles, Conference proceedings 

626 publications, 4 

selected for review. 

"Cost evaluation" 

AND "Data 

quality" 

LUT Primo, 

validated with 

Scopus 

2017-2022, Peer-reviewed Journals, 

Articles 

99 publications, 1 

selected for review 

Referenced by 

selected 

publications 

LUT Primo, 

Scopus 

Referenced by selected publications 2 publications selected 

Other LUT Primo, 

Scopus 

Miscellaneous 1 publication selected 

 

This thesis has four parts. First, we are discussing what is meant by data quality and what 

kind of frameworks can be found defining data quality. Second part focuses on the case 

company’s identified problems to narrow down the scope for data quality improvement. In 

the third section we are discussing steps on how to improve the data quality during the case 

company’s processes based on the specified use cases. In the fourth and final part we are 

concluding our findings, what we might have missed or overlooked, and what could be done 

in the future. Although the case company wishes to remain anonymous, the problems could 

be seen to represent aftermarket business area and some of the results might be applicable to 

other companies’ functions as well.  
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2. Data quality 

In this section, we will go over existing definitions of data quality in the literature. We are 

discussing the problems these definitions might have and lay down the foundation for 

utilizing these definitions in our own use cases. 

To later understand how data quality frameworks can be utilized in improving data quality, 

we must first understand what is meant by data quality in this context. There are many 

different definitions for data quality in the literature. Most of these definitions fall under the 

scope of specific use cases and therefore do not represent data quality in its entirety. Usually, 

specific data is used for specific purposes, thus leaving us with a broad definition for data 

quality as the ability of data to satisfy specified needs. Therefore, the definition of data 

quality may not always be consistent in literature. (Taleb, Serhani, Bouhaddioui, Dssouli, 

2021) The broad “fitness for use” definition for data quality is often applied in literature 

(Haug, 2021, pp. 2657). However, this definition by itself is too broad to be used in data 

quality management. 

Since the definition of data quality can vary a lot, there is not one universal way of measuring 

and quantifying data quality for all different situations. However, it is possible to divide data 

quality into different subcategories to understand it better. There have also been propositions 

for measurable indicators called data quality dimensions in the literature. 

 

2.1. What are data quality dimensions and categories? 

The way to describe data quality in a specific case is through data quality dimensions. Data 

quality dimensions are a set of measurable variables that describe the data quality of a given 

case (Taleb et al., 2021, pp. 5). There are many different data quality dimensions and ways 

to categorize them. In fact, Haug (2021, pp. 2664) found 110 different data quality categories 

and over 300 uniquely named data quality dimensions in their literary review. Even though 

the amount of data quality dimensions and categories presented in literary is vast, these 

dimensions can be categorized into four main groups. These categories are intrinsic, 

contextual, representational and accessibility (Taleb et al., 2021, pp. 5; Wang, Strong, 1996, 
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pp. 20; Wook et al., 2021, pp. 4). Not all studies follow these four categories exactly, but 

they are the base at which many studies have started making tweaks for their own unique 

cases (Haug, 2021, pp. 2661). 

 

 

Figure 1: Four categories of data quality dimensions (Haug, 2021, pp. 2660)  

 

Other categories have been brought up in literature as well. These categories include, for 

example, metadata evolution, usability, reliability, relevance and so on. These categories, 

however, in most cases, represent the four categories presented in Figure 1. This can be 

stated based on the similarity in the way each category is defined in different studies and on 

the similarity of the data quality dimensions they contain. (Haug, 2021) 

The categories in Figure 1 originate from the works of Wang and Strong (1996) who 

developed this conceptual framework of data quality. This framework, presented in Figure 

2 below, was developed to understand what data quality means to data users as well as 

professionals. In essence, high-quality data should be intrinsically good, contextually 

appropriate for the task, clearly represented, and accessible to the data consumer (Wang, 

Strong, 1996, pp. 6). Furthermore, data needs to first be accessed and understood before its 

contextual and intrinsic data quality can be assessed. Although the concept of data quality 

since then has evolved to have many different definitions, it should be noted that many of 

these definitions presented today are still influenced by this framework (Haug, 2021, pp. 

2661). When constructing our own set of data quality dimensions for the use cases presented 

later, it might be wise to consider other or completely new categories and dimensions if they 

are able to give more accurate representation of the case’s data quality. 

 



11 

 

Figure 2: A Conceptual Framework of Data Quality, adapted from Wang and Strong (1996, 

pp. 20) 

 

When it comes to relatively new concepts, such as big data and the Internet of Things (IoT), 

new dimensions and categories are proposed to be presented. In their literary review, 

Ramasamy and Chowdhury (2020, pp. 11) proposed that new data quality dimensions should 

be defined related to big data as well as IoT. Often the frameworks from which these studies 

conclude their propositions are focused on relatively small number of dimensions, 

sometimes even on a single dimension, which might leave the proposition to be one 

dimensional as well. (Ramasamy, Chowdhury, 2020) It was also pointed out that research in 

technologies like sensory networks has identified new data quality issues not covered by this 

framework. These data quality issues are for example outliers and improbable events. 

(Shankaranarayanan, Blake, 2017, pp. 20) 

 

2.2. Data quality categories and dimensions 

To understand how we can construct our own data quality improvement model or modify 

existing ones to our needs, we should first understand what existing frameworks consist of. 

We are going over the four categories presented originally by Wang and Strong (1996), 

discuss how they have changed over the years, and explain some dimensions they have been 

presented to have in the literature. The conceptual framework, presented in Figure 1, also 

considers the perspective of data consumers, who use the data to make decisions, which is 

in line with the use cases we are trying to solve later. These groups and individual dimensions 

can be large concepts, for example data security, which have their own fields of research. 
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Completely and thoroughly explaining these concepts cannot be done in the scope of this 

thesis. Instead, we are going over the most relevant dimensions for the data we are dealing 

with. The dimensions not explained in detail should still be included in the framework. All 

definitions of dimensions selected for the framework consolidated in this thesis can be found 

from the appendix 1. 

Sometimes the definitions of data quality dimensions in publications can overlap with each 

other. For example, in the works of Ali et al. (2018), the dimension of completeness had 

been given an example where the phone number of one patient was missing digits and 

therefore was not complete. In the same paper, the dimension of accuracy was defined as the 

ability to follow the predefined format requirements. These two definitions overlap in a sense 

that the defective data item could be seen as completeness and accuracy issues at the same 

time. This begs the question whether only one of these definitions could be sufficient in the 

study. Later in the thesis, when presenting the theory in interviews, distinction between 

dimensions should be clear. 

The definition of data quality dimensions is often dependent on the field it is applied to. 

When comparing publications with similar data quality dimensions from different fields, it 

was noticed that the data quality dimension of timeliness was defined in the context of patient 

information as the data’s resemblance of the present time (Ali et al., 2018, pp. 4). When 

talking about metadata quality dimensions, timeliness was defined as the frequency of 

updating metadata  (Šlibar, Oreški, Begičević Ređep, 2021, pp. 7). Like stated before, the 

distinction between dimensions should be clear. Likewise, the dimension should be 

unambiguous in its definition and should not have multiple definitions. The final selected 

definition should be derived from the literature allowing us to build on existing research. 

Choosing only one definition might reduce the number of publications relevant to the task. 

To make the subject understandable, choosing only one definition should still be done. 

The case company’s data that is dealt with in this thesis is considered ERP-system data. It 

was argued that most important data quality dimensions for ERP data are from the categories 

of intrinsic and accessibility, as well as data usefulness dimensions (Haug, Stentoft Arlbjørn, 

Pedersen, 2009, pp. 1066). The ERP data quality classification model concerns the following 

dimension in these categories: Intrinsic data quality dimensions concern completeness, 

unambiguousness, meaningfulness, and correctness. Accessibility dimensions concern, for 

example access rights, storage in ERP system, representation barriers and so on. Data 
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usefulness includes dimensions like relevance and value-adding. From these categories, 

accessibility and intrinsic data quality are raised on a pedestal over usefulness since they are 

deemed more critical. (Haug et al., 2009, pp. 1059) While the intrinsic data quality 

dimensions mentioned above have been defined in the paper, the dimensions listed for 

accessibility and usefulness are left with no definitions. This leaves the reader with 

ambiguous information in deducting what the authors meant by these dimensions. This 

hinders the credibility of the results, and the results cannot be compared with other 

definitions found from the literature for these dimensions. 

While the categories of dimensions presented above will be taken a closer look at, we still 

should not neglect other key dimensions for each category, since it was proven that data 

quality depends highly on the context and therefore might change for the specific use cases 

of the case company. This selection of dimensions will narrow down even more based on 

the results of the case company interviews. 

 

2.2.1. Accessibility data quality 

The first category is accessibility. In essence, it means that data must be available to the user. 

While sounding obvious and often taken for granted in literature (Wang, Strong, 1996, pp. 

21), it should be taken into consideration when viewing the overall data quality. While 

originally intended to be its own data quality category, having dimensions like security and 

accessibility (Wang, Strong, 1996, pp. 20), in some cases, like in the works of Ramasamy 

and Chowdhury (2020) as well as Mahanti (2019), it has been left as a single dimension 

considering whether the data is available or not. In the work of Wook et al. (2021, pp. 4) 

accessibility had ease of operations dimension listed as well. Originally this dimension was 

eliminated from the accessibility category since it was not ranked highly in importance nor 

did the respondents assign it consistently to any of the categories (Wang, Strong, 1996, pp. 

17). Since the ease of operations dimension has resurfaced in recent studies, we believe that 

adding it to the definition of data quality is not harmful and only makes the data quality 

definition more accurate. It is important to note that the ease of operations dimension is most 

likely system dependent meaning that the same data could have this issue in different 

systems, which should be taken into consideration during interviews with the case company. 
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When mapping use cases for data quality frameworks, accessibility should be at least 

considered in one form or another since it could lead to complications if neglected. There is 

almost no difference in data quality assessment reliability whether accessibility is separated 

from the other categories, or if it is considered a data quality dimension, if it is considered 

in one form or another (Wang, Strong, 1996, pp. 21). 

In the interviews conducted with the case company, we should start with asking questions 

about accessibility regarding the problem. These questions can be straight forward, for 

example: “Was the data able to be accessed by its users?” If the data was accessible to begin 

with, the other data quality dimensions become obsolete, until the data is accessible. 

 

2.2.2. Representational data quality 

After the data can be accessed, it is important that is readable and interpretable by the user, 

which is what the representational data quality category aims to define. In a nutshell, the 

representational data quality category defines the way data is presented. Data needs to be 

presented in a way that the user can interpret, understand, and use it easily and quickly, 

without room for misunderstanding or overwhelming. (Wang, Strong, 1996) 

Key dimensions in this category are interpretability, understandability, concise- and 

consistent representation (Wook et al., 2021, pp. 4). For example, usually when talking about 

wear parts, meaning parts that are made to be worn down, the parts are given a durability. 

This durability could be given as a rating from 1 - 5. However, representing this value alone 

would not be sufficient according to these dimensions since it cannot be interpreted easily. 

These durability ratings could have a time frame behind them, for example the durability 

rating of 1 could mean that the item will break in up to 1000 hours. Now if we would have 

a field in the user interface, that would say “durability” and under it would be the text “1000 

hours”, that could be understood in a way that the wear part would last at least 1000 hours, 

not up to 1000 hours. The way data is interpreted and understood is of course dependent on 

the user and should be made unambiguous enough that there is no room for 

misunderstandings. Dimensions of conciseness and consistency are more self-explanatory. 

In the example above, having consistency would mean that durability is constantly presented 

as the hours that the machine is running, not bouncing between units of hours, days, or 
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months. Conciseness is the flip side to understandability. While understandability aims to 

leave the data as unambiguous as possible, conciseness restrains overwhelming amount of 

data presented that understandability might cause. Conciseness means that the data presented 

should be brief and straight to the point (Wang, Strong, 1996, pp. 32). (Wang, Strong, 1996) 

It has been argued that the representational data quality category is an underlying problem 

of accessibility, and that the representational data quality problem can be seen as an access-

limitation (Haug et al., 2009, pp. 1057). This means that the representational data quality 

category could be seen as obsolete and that representational data quality problems could be 

derived from the other data quality categories, like accessibility. While this can help narrow 

down the definitions of data quality, having a complete picture of the problem with 

separating accessibility and representational categories can be an advantage when trying to 

find the root cause of the data quality problem. 

 

2.2.3. Contextual data quality 

The contextual data quality category represents the relevance of the data for the specific task. 

Most of the time, not all data is relevant for one task. The contextual data quality problem 

starts when the data that is supposed to be relevant to the task is not. Since data quality needs 

to be considered from the perspective of one task at a time, it is hard to attain high level of 

contextual data quality (Wang, Strong, 1996, pp. 20). Some of the dimensions included in 

this category are relevancy, timeliness, completeness, value-added and appropriate amount 

of data (Wang, Strong, 1996, pp. 20). 

For ERP-system data, it was argued that of these dimensions above, relevance, value-added 

and completeness are important  (Haug et al., 2009, pp. 1059). Since only completeness was 

given the definition in the mentioned paper, it is unclear whether these authors talk about the 

same thing. Since it has been demonstrated above that some authors from different fields 

talk about different dimensions with same names, these papers are risky to compare and 

draw conclusions from. 

Timeliness has been characterised as one of the most important dimensions in this category, 

at least in big data context, which makes a lot of sense since making decisions on outdated 

data will lead to outdated decisions (Wook et al., 2021, pp. 7). Timeliness is sometimes 
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replaced with currency- and volatility dimensions in the literature (Batini et al., 2009, pp. 8). 

This split is justified since currency and volatility are easier to understand and quantify. 

Timeliness has been characterized as “The extent to which the age of the data is appropriate 

for the task at hand” (Wang, Strong, 1996, pp. 32). Currency basically refers to the age of 

the data based on when it was recorded. Volatility has been defined as: “the time period for 

which information is valid in the real world” (Batini et al., 2009, pp. 8). Currency portion of 

timeliness can be easily retrieved from metadata, but quantifying volatility might prove to 

be hard or in some cases impossible. For the case company’s use cases volatility might in 

some cases involve contract expiry dates. 

Completeness is another widely discussed dimension in the contextual data quality category. 

Originally defined in this framework as “the extent to which data are of sufficient breadth, 

depth and scope for the task at hand” (Wang, Strong, 1996, pp. 32). Basically, this can be 

understood in a way that the data for the task is complete if there are enough data fields 

regarding the described real-world phenomenon. For example, completeness could mean 

that to export goods, customs need the weight and dimensions of the product. If one of these 

fields are missing and cannot be recorded, then the data is not complete. Completeness is 

usually measured by the percentage of missing values in a dataset, but this way of measuring 

makes the dimension more like intrinsic than contextual data quality dimension. While 

completeness is relevant in most cases, it has been said to lose its importance in big data 

field, since most of the data is unstructured and therefore the dimension cannot be quantified 

reliably. (Shankaranarayanan, Blake, 2017) 

Earlier mentioned ERP-system data regarding completeness is as follows: “Each real-world 

state is mapped to an information system state” (Haug et al., 2009, pp. 1057). This definition 

can be interpreted to be close to equal to the original definition. The difference in these 

definitions and definitions in general might cause some authors to use different parameters 

when trying to quantify completeness in their model, which needs to be checked when trying 

to determine completeness for the use cases of this thesis. 

 



17 

2.2.4. Intrinsic data quality 

The intrinsic data quality group is present in most of the publications, which can be seen in 

positive as well as a negative light. Positive about this is that there is a lot of existing work 

done in this subject related to many different fields and contexts. Negative about the amount 

of data quality dimensions presented in this group is that some of the time, same dimensions 

are presented with differing definitions. Originally, the intrinsic data quality category had 

the dimensions of believability, accuracy, objectivity, and reputation (Wang, Strong, 1996, 

pp. 20).  

Like mentioned before, researchers are adjusting and modifying this framework based on 

their own use cases (Haug, 2021, pp. 2661). This can be seen from the works of Taleb et al. 

(2021, pp. 5), where the intrinsic data quality category only shares the accuracy dimension 

with the original framework. In this case, completeness and timeliness have been moved 

from the contextual data quality category to the intrinsic category. There is also the 

dimension of consistency in this category, which has been defined as the data’s respect of 

constraints. Completeness, in this case, was defined as the percentage of missing values in 

the data, which validates the need for this dimension to be moved from the contextual data 

quality category to the intrinsic category. The distinction between the intrinsic and 

contextual completeness should be drawn. While intrinsic completeness relates to the 

amount of data missing, contextual completeness takes into consideration that not all data 

was supposed to or could be collected to begin with. This means that the intrinsic 

completeness assumes that the data is structured, and all data points are supposed to be filled 

as well as that there are no missing data fields in the system. Therefore, moving completeness 

to intrinsic category could be justified if this assumption can be made. Most of the definitions 

presented in literature seem to combine both definitions and consider intrinsic- and 

contextual completeness as a single dimension. 

Accuracy might be the most discussed dimension of this framework. Originally it meant that 

the data is correct and usable. Accuracy can be quantified as the percentage of correct values  

(Taleb et al., 2021, pp. 6). To do this, the baseline value that reflects real world must be 

known. This causes issues on this dimension in research fields like big data, where the 

baseline value is often unknown or indeterminable (Shankaranarayanan, Blake, 2017, pp. 

22). In the use cases of this thesis, the baseline value should always be known and therefore 
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quantifying accuracy should be able to be done. Also, the most important dimensions 

presented for ERP-system data included the dimension of correctness, which seems to be the 

closest to the definition of accuracy (Haug et al., 2009). 

The original framework fails to consider a duplicate data item as a data quality problem. 

This type of data quality dimension is defined as “mismembership” and means that a data 

item is recorded when it should not be (Liu, Feng, Zhao, Wang, 2020, pp. 3). This dimension 

can be seen as the opposite of completeness. It contains duplicates as well as data items that 

do not have a real-world counterpart. This dimension should be considered in the cases of 

this thesis since mismembership might be relevant when data is recorded from multiple 

sources by multiple users. For example, duplicate data items might cause completeness or 

timeliness errors when users are asked to add or change the data but fail to do so in all 

instances. It is assumed that each real-world value is only recorded once since duplicate 

values are usually a waste of memory and processing time in a database. This same 

dimension could be seen to represent the combination of unambiguousness and 

meaningfulness in the works of Haug et al. (2009). 

 

2.3. Other data quality dimension definitions 

There are data quality frameworks presented by the International Standardisation 

Organisation (ISO). One of these is the ISO/IEC 25012 quality of data product framework, 

which is presented in Figure 3 below. In this framework data quality dimensions are used 

like in any other framework, which still originate from the conceptual framework of Wang 

and Strong (1996), having dimensions like understandability, accessibility, accuracy and so 

on. There are differences in the dimensions as well: Timeliness is called currentness in this 

framework, yet they still share the definition. The main difference between these two 

frameworks is the categorization of dimensions. The ISO/IEC 25012 framework uses two 

categories: Inherent and System-dependent data quality. It seems that this framework clearly 

distinguishes intrinsic data quality dimensions as “inherent” data quality category and 

accessibility data quality dimensions as “system-dependent” data quality category, leaving 

dimensions like understandability in between these two categories. This framework 

identifies intrinsic and accessibility as separate categories but leaves contextual and 
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representational data quality categories more open to interpretation and not designating them 

into distinct categories. (ISO/IEC, 2008) 

 

 

Figure 3: Quality of Data Product, adapted from ISO/IEC (2008) 

 

The different categorization of data quality dimensions makes the ISO/IEC 25012 and the 

one presented by Wang and Strong distinct from one another. However, we believe that they 

both try to achieve the same thing, which is the definition of data quality in each context. 

Since it seems that the ISO/IEC 25012 draws inspiration from the original framework, and 

the original framework is more widely used in literature, we believe it is justified to use the 

original framework over the ISO/IEC 25012. However, this framework shines a light on an 

interesting problem when defining data quality: Is the accessibility data quality category 

about data quality or user interface or -experience? While this question is another topic on 

its own, it might come up in the interviews and might be relevant. 

 

2.4. The consolidated data quality framework 

A data quality framework was created by modifying existing data quality frameworks found 

in the literary review in the section 2. This framework is the product of the first research 

objective. The consolidated framework is presented in Figure 4. 
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Figure 4: Consolidated data quality framework 

 

The definitions for each dimension can be found from the appendix 1. This framework is 

used to aid in our second research objective, which is to focus the scope of this thesis on a 

few key data quality dimensions that are then researched more thoroughly. 

The basic idea of the framework follows the same presented by Haug (2021) in Figure 1. 

The data must be accessed, then understood before assessing its relevance and accuracy. The 

dimensions in the framework mostly originate from the original framework of Wang and 
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Strong (1996). Most notable addition to the framework is the mismembership dimension, 

which combines ideas from the ERP system data quality presented by Haug, Stentoft, 

Arlbjørn and Pedersen (2009) and the works of Liu et al. (2020). Other changes include 

adding the ease of operations to the accessibility category, expanding the timeliness 

dimension by splitting it into currency and volatility, and moving the dimension of 

completeness to the intrinsic data quality category. These were justified in their respective 

data quality category sections from 2.2.1 to 2.2.4. 
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3. Case company’s data quality issues 

In this section we are narrowing down our scope of data quality improvement to a few cases 

where data quality has affected the performance of the company. This is done to make sure 

we can go over data quality improvement methods under the restrictions of this thesis. In the 

future, a more thorough look at the data quality could be done based on the consolidated 

framework. To focus the scope, we are conducting five semi-structured interviews in the 

case company that aim to find the root cause of the data quality problem in the given cases. 

Once the root cause of the data quality problems has been identified and linked to data quality 

dimensions, we can go over existing literature on how these problems could be solved, 

without discussing the detailed specifics of these problems and retain the case company’s 

anonymity. 

The interviews are conducted in three parts. First, we are introducing the literature using the 

consolidated data quality framework as described in Figure 4 and its dimension definitions 

in appendix 1. Then we are mapping different data quality problems regarding the 

outsourced make-to-order spare part supplier data and its flow to sales representatives. 

Finally, we are working together with the interviewees to identify which data quality 

dimensions and categories these problems represent. The interviewees were given freedom 

to bring up all data quality problems they have faced, but it was verified which of these data 

quality problems were in line with the thesis’ scope. The scope included data quality issues 

that had led to missed business opportunities, called opportunity costs in literature (Batini et 

al., 2009, pp. 9). The content of the interviews, for example detailed interview questions or 

data quality problem descriptions are not revealed in this thesis due to their confidentiality. 

We interviewed five representatives in the case company, three of which were sourcing 

managers and two represented reporting in the case company. These groups give two 

perspectives to the case company’s data quality, and we believe that these groups represent 

their respective groups thoroughly enough to draw conclusions from in this thesis. The 

sourcing directors are being reported to by multiple sourcing workers. Similarly, the group 

of reporting representatives handle different kind of spare part data, including outsourced 

supplier data, and represent their own function’s view in this thesis. 
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In the interviews conducted we mapped a total of 19 data quality problems that fit the scope 

of this thesis. The dimensions representing these problems are presented in Figure 5 below. 

 

 

Figure 5: Dimensions mapped in the interviews 

 

From the Figure 5 above, we can see the results of the interviews. The dimension of 

completeness was the most frequent, followed by timeliness and accessibility. Other 

dimensions that surfaced were accuracy, amount of data, ease of operation, mismembership 

and relevance. The only data quality category that had no issues mapped was the 

representational data quality category. Comparing these results to relevant publications 

reveals that they are not out of the ordinary. For example, Cao and Zhu (2013, pp. 19) found 

similar data quality issues in ERP-enabled manufacturing. 

It is important to note that in the completeness dimension data quality issue cases, there are 

fields in ERP systems in which the crucial data is supposed to be filled but is not. The 

completeness data quality issues are not about missing data fields but instead about missing 

data itself. Therefore, we are talking more about intrinsic completeness than contextual 

completeness. 
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The interviews answered our second research objective, which was: 

Interview the case company representatives on their data quality problems and 

focus the scope on a few key dimensions using found data quality frameworks. 

We clearly saw some data quality dimensions appear more frequently than others. The scope 

of data quality improvement will be focused on completeness, timeliness, and accessibility. 

These interviews also validate the effectiveness of this consolidated framework presented in 

Figure 4. If there are more interviews within the case company regarding data quality 

problems, this framework could be used.   
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4. Data quality improvement methods 

Now that we understand what makes data quality, and understand the specific cases brought 

to us by the case company, we can start to work on improving data quality. This section 

focuses on ways to improve those data quality dimensions that were most common in the 

case company interviews. These dimensions were completeness, timeliness, and 

accessibility. 

Implementing data quality improvement methods in one organisational element will also 

increase the data quality of other organisational elements that use the improved data. Data 

quality improvements are also said to increase the understanding of need for high quality 

data in the whole organisation. More importantly, organisations that implement data quality 

improvement see reduced costs for data quality verification. However, implementing too 

many data quality improvement actions can lead to decrease in other performance metrics. 

It also might not be beneficial to fix all minor data quality issues that have low return on 

investment. (Hazen et al., 2017, pp. 742-744) 

There are many different data quality improvement methodologies. Batini et al. (2009, pp. 

18) found 13 different methodologies for data quality assessment and improvement. Eleven 

of these methodologies included the dimension of completeness, ten included timeliness and 

ten included the dimension of accessibility. Eight methodologies included all three 

dimensions simultaneously. (Batini et al., 2009, pp. 18) Notably, some of the dimensions 

might be referred to with different names and all methodologies might not define these 

dimensions in a similar manner. These three dimensions of data quality seem to be one of 

the most discussed data quality issues in literature since they are present in so many 

improvement methodologies. 

Data quality improvement process includes the following steps: Evaluation of costs, 

assigning process and data responsibilities, identification of the causes of errors, strategy 

and technique selection, data improvement solution designing, process control, process 

redesign, improvement management and improvement monitoring (Batini et al., 2009, pp. 

4). We will focus on steps that can be discussed without vulnerable insight information from 

the case company. Some steps in the process fall more under project management than data 

quality and these steps will not be discussed in this thesis. 
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4.1. Evaluation of costs 

Choosing which data quality dimensions to work on can be done by recording the financial 

impact each dimension has on the company. Costs related to data quality are opportunity and 

process costs, as well as costs related to data quality assessment and improvement (Batini et 

al., 2009, pp. 3). Opportunity costs refer to lost or missed revenue and process costs emerge 

from process re-execution (Batini et al., 2009, pp. 9). Opportunity and process costs should 

be weighed against the costs that data quality assessment and improvement bring to 

determine the return of investment in a particular data quality issue. Determining these costs 

are not in the scope of this thesis but should be done if the data quality improvement plans 

are implemented. 

In the study by Fougerou-Leurent et al. (2019, pp. 2786-2787) the data quality assessment 

costs for source data verification were determined by how long the assessment process took 

and the hourly pay of workers. This cost evaluation could be scaled based on the hours of 

work needed for source data verification. 

 

4.2. Identifying causes of data quality errors 

Poor data quality can be caused by poorly input data or issues in data processing. Cappiello 

et al. (2018, pp. 2) created a systematic “data quality validation methodology” that aims to 

assess the data quality issues’ effects in a process. The methodology starts with process 

model analysis, which aims to identify the critical points for errors in the process. These 

critical points include parts of the process where data is handled by users or input by external 

sources. The methodology proposed uses so called “fault injection”, which includes injecting 

faulty data into these critical points and comparing the expected outcome with the outcome 

with faulty data. This can be done in different stages of the process to find the root cause for 

the error. The faulty data should represent only one data quality dimension at a time. Once 

the part of the process is found that reacted to faulty data, a data quality control activity could 

be put in place to assess the data quality level of this given dimension and act accordingly if 

the data quality is of insufficient level. (Cappiello et al., 2018)  
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Assessment of the data quality levels could also be done automatically in the case of 

completeness or timeliness since the baseline values of these dimensions should be known. 

It was also stated by Cappiello et al. (2018, pp. 2) that often knowledge workers that assess 

the quality of data in a part of the process might cause the assessment to be biased since, 

especially in large processes, the importance of some data quality aspects might be hard to 

comprehend. Automating data quality assessment could improve the cost-effectiveness of 

evaluating data quality levels and allocate resources to fixing data quality issues only when 

they appear, preventing continuous monitoring by workers. This automated data quality 

assessment could be done at the identified critical points of the process. 

 

4.3. Data quality improvement strategies and techniques 

“Data quality improvement often requires changes in processes and organizational 

behaviours” (Madnick, Wang, Lee, Zhu, 2009, pp. 8). Lee (2003, pp. 112) suggested that 

implementing data quality rules are a great way in solving data quality problems if there are 

proper mechanisms in place to revise these rules when new data quality issues arise. These 

mechanisms include ways to “record, review, and assess the rules” (Lee, 2003, pp. 112). The 

impact these rules have could be recorded using the quantification methods presented later. 

If satisfactory data quality levels are not achieved, the data quality rules could be revised, 

more data quality rules could be implemented, or other strategies and techniques could be 

introduced. Data quality rules can also be referred to as data standards. However, data 

standards have been characterised to enable “semantic interoperability of data” (Zhu, Lee, 

Rosenthal, 2016, pp. 1). Our interviews in the case company found no semantic issues in 

data quality, which might make the use of data standards obsolete when trying to improve 

the data quality of the found data quality dimensions. The importance of data standards 

should not be underestimated in improving the overall data quality in a system, they focus 

more on the representational data quality of different sources and therefore are not in the 

scope of this thesis. 

Molina et al. (2013, pp. 30) found that only a small group in their interview sample seemed 

to link data quality to customer service Key Performance Indicators (KPI). They found that 

improving self-concordance on collecting high quality data could act as a more stable and 

long-term solution than supervisor pressure (Molina et al., 2013, pp. 34). 
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Ultimately, the selected strategies and techniques of data quality improvement should 

“comply with contextual knowledge, quality objectives and budget constraints” (Batini et 

al., 2009, pp. 4) 

Since data quality needs to be considered from the perspective of one task at a time, it is hard 

to attain high level of contextual data quality (Wang, Strong, 1996, pp. 20). This raises the 

question whether it is cheaper to focus on intrinsic or accessibility data quality first, before 

moving onto the harder topics of data quality, such as the contextual data quality. Of course, 

some contextual data quality issues might be easy and incredibly cost-effective to fix, but 

this needs to be evaluated separately in each context. 

Focusing on accessibility could also prove more cost-effective and straight forward in 

solving data quality issues that have led to opportunity costs. Making sure the data is 

accessible for users is mandatory before any other data quality issue can even be observed. 

Out of the selected dimensions, completeness might require the least effort to improve. 

Improving completeness is also quite straight forward. The data required for completeness 

to be improved can in some cases be easily generated. It needs to be made clear which data 

is important across the organization to generate the needed data before completeness data 

quality issue can occur. This data could also be generated by other organizational functions 

or processes that do not use it themselves. For example, product dimensions are needed for 

shipping. Usually, this data is measured by warehouses but could also be generated by the 

product designer. The tradeoff between who generates the data needs to be evaluated since 

measuring products by hand in the warehouse might prove less cost effective than importing 

them from Computer-Aided Design (CAD) systems. 

 

4.4. Improvement monitoring of completeness, timeliness, and accessibility 

Data quality improvement monitoring can be achieved through quantification of the 

dimensions that are aimed to be improved. There are no universal ways to quantify 

dimensions, but some ways are presented more often in literature. When choosing the right 

improvement monitoring method, one should not get too focused on mathematical equations 

if there are better ways available. The goal of improvement monitoring is to enable dynamic 
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tuning of the improved process through periodic review of its results (Batini et al., 2009, pp. 

4). 

By far the most common ways to quantify completeness in the methodologies was by the 

percentage of not null values, presented in the equation 1 (Batini et al., 2009, pp. 19-20). 

The definition of completeness in this thesis was also referred to as the missing values in the 

dataset. Other ways to quantify completeness include more complex mathematical equations 

and user surveys (Batini et al., 2009, pp. 19). We believe that the traditional quantification 

method that is percentage of not null values will provide the best insights on the state of 

completeness based on the case company’s data quality issues. 

 

𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑛𝑒𝑠𝑠 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑜𝑡 𝑛𝑢𝑙𝑙 𝑣𝑎𝑙𝑢𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑎𝑙𝑢𝑒𝑠
   (1) 

 

The equation 1 above was also evaluated by Heinrich et al. (2018, pp. 19-20) who found the 

equation to fulfil all five requirements for an economically oriented data quality metric. This 

way of quantifying completeness seems to satisfy many authors viewed from multiple 

perspectives. This equation could be applied to rows and columns alike in a database. 

Timeliness was split into currency and volatility in this thesis. Timeliness could be quantified 

as shown in equation 2.  

 

𝑇𝑖𝑚𝑒𝑙𝑖𝑛𝑒𝑠𝑠 = 1 −
𝐶𝑢𝑟𝑟𝑒𝑛𝑐𝑦

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦
    (2)  

 

where currency is the age of the data since last updated and volatility refers to the time for 

which the data remains valid in the real world (Batini et al., 2009, pp. 19). 

This way of quantifying timeliness was the most common among the methodologies (Batini 

et al., 2009, pp. 20). Currency and volatility were also defined in a similar manner to this 

thesis in most of these methodologies (Batini et al., 2009, pp. 19). A similar equation to this 

one was evaluated by Heinrich et al. (2018, pp. 17-18), but it did not fulfil all requirements 
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for an economically oriented data quality metric. Since then, new ways of quantifying 

timeliness have been proposed.  

The timeliness of a single attribute can be quantified with an exponential equation presented 

in equation 3.  

 

𝑇𝑖𝑚𝑒𝑙𝑖𝑛𝑒𝑠𝑠 =  𝑒(−𝑑𝑒𝑐𝑙𝑖𝑛𝑒∙𝑎𝑔𝑒)   (3) 

 

where age of the data refers to currency in years and decline is the percentage of decay the 

data attribute experiences in a year (Azeroual, Saake, Wastl, 2018, pp. 1281-1283). 

These equations presented create the need for volatility and decline to be defined and 

generated, which increases the process costs of using them. When talking about the case 

company, the data that is tied to outsourced suppliers comes from contracts that have specific 

end dates. Therefore, volatility could quite simply be determined by this end date. The 

information of contract end date is already generated, which could make this type of 

volatility definition more cost-effective than trying to determine decline of each data 

attribute. Furthermore, the equation 3 relies on the usage of statistics, which might not be 

obtainable in some of the case company’s data quality issues. These things considered, the 

way equation 2 quantifies timeliness could prove better in the case company. 

Quantifying accessibility was also discussed in the methodologies discussed by Batini et al. 

(2009). Some of the equations in these methodologies included variables like delivery time 

and request time. Comparing delivery and request times could prove to be effective in some 

situations in quantifying accessibility of data. Most common ways these methodologies 

quantify accessibility is through surveys or interviews. While surveys and interviews can 

give good insight on the levels of this data quality, this method could prove to be too costly 

and time consuming in a business environment. This can turn away decision makers to 

implement accessibility quantification methods. Accessibility data quality should still not be 

disregarded since other data quality problems cannot be observed if the data is not accessible. 

Data quality dimensions might be dependent on each other. Because of this, more data 

quality dimensions should be monitored than the ones aimed to improve. For example, 

completeness might cause representational data quality issues since there will be more data 
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available and more chances for representational data quality issues. (Kleindienst, 2017, pp. 

389) 

Out of the discussed formulas and quantification methods, equations 1 and 2 could be used 

as data quality level indicators for their respective data quality dimensions. These equations 

are validated by researchers and are applicable to the case company’s processes. 

Accessibility is trickier to quantify and a clear answer on the best formula for quantification 

cannot be found. Quantification of accessibility should still be implemented in one way or 

another. 

This section of the thesis aimed to answer the following objective: 

Find existing improvement methods on the focused scope. 

We introduced a basic process for data quality improvement. Out of the steps included in the 

process we discussed only the steps considered most relevant in the context of this thesis. 

We introduced different types of costs to evaluate when implementing data quality 

improvement. We also found tested methods for finding the root cause of a data quality 

problem. We introduced ideas for data quality improvement strategies and techniques. 

Finally, we introduced ways to measure data quality levels for the selected three data quality 

dimensions. Based on the discussed data quality improvement methods, the case company 

can start improving these data quality dimensions. The most cost-effective way of doing so 

is not answered in this thesis and could be a suitable follow-up research opportunity. This 

could be combined with more thorough review of all data quality improvement process steps 

to find the best way to improve data quality in the case company. 
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5. Conclusions and limitations 

In this thesis we aimed to answer the research question of: 

How can we improve the data quality in a way that we can avoid missed 

business opportunities in the future? 

The thesis answered this research question by consolidating a data quality framework from 

literature. This framework was used in semi-structured interviews to focus the scope of data 

quality issues in the case company to a few most frequent dimensions. Then we introduced 

ideas from the literature on how these data quality issues could be identified, improved, and 

monitored. Finding the most cost-effective solution for these data quality issues or executing 

the improvement strategies in the case company were out of the scope of this thesis but could 

be a natural follow-up research possibility. 

The consolidated framework proposed has some defects, for example, the dependencies 

between data quality dimensions have not been considered. These dependencies will help us 

understand the system better and would be a new research topic to write about in the future. 

Understanding the dependencies between data quality dimensions will help us find the root 

cause of the problem. It was noticed that some of the case company’s data quality problems 

are caused by multiple different dimensions. For example, timeliness could lead to loss of 

reputation. This connection could be investigated further in future projects. The framework 

also fails to determine the costs of data quality issues. Therefore, the framework should only 

be used as a tool in preliminary data quality issue mapping interviews. 

In this study, we were using predefined data quality dimensions found from the literature. 

Not all these dimensions are relevant to each specific case and therefore might not 

completely and fully define the data quality we are looking for. For future work, we would 

suggest that the best data quality dimensions are defined using quantitative methods. For 

example, using missed opportunity case tracking and determining the true cause for these 

missed opportunities provides better insight to data quality dimensions than predefined ones. 

Determining the most impactful data quality dimensions quantitively should more accurate 

than qualitative methods. 
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The concept of data quality seems to be quite fragmented in the literature and professionals 

seem to not agree on the universal definitions of data quality. All research fields are unique 

and require their own individual aspects of data quality. This hinders the results’ 

comparability since many researchers use their own definitions for their specific use cases 

and methodologies. 

While the interviews conducted in the case company found more completeness, timeliness, 

and accessibility issues than other data quality issues, the financial impact of these data 

quality issues was not measured in this thesis. Therefore, it is not certain whether these issues 

are the most impactful to the case company’s business or not. Assessing costs of data quality 

issues and benefits of fixing them are relevant for companies to assess return of investment 

of data quality improvement. This assessment should be done if these recommendations were 

to be implemented. 

Further research could be done on comparing different data quality quantification methods 

in the case company and figuring out the most cost efficient one in this context. Finding the 

most efficient data quality improvement plan could also be a future research topic. 

Expanding the consolidated data quality framework to include dependencies between data 

quality dimensions in this context could prove to be a hard task but it would increase the 

reliability of this framework. 

Based on this thesis, the case company can define data quality, find data quality issues 

qualitatively, and measure its accessibility, timeliness, and completeness data quality levels. 

They should also be aware of the different types of costs related to data quality. The 

consolidated framework in Figure 4 can also be used in training of knowledge workers to 

shine a light on data quality issues. Based on this work, the case company should be able to 

measure and improve their data quality and this way make their spare parts supply chain 

more cost efficient.  
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Appendix 1. Data quality dimension definitions  

Table 2: Data quality dimension definitions 

Accessibility 

Accessibility The extent to which data are available or easily and quickly 

retrievable. 
Ease of operation The extent to which data are easily managed and manipulated (i.e., 

updated, moved, aggregated, reproduced, customized). 
Security The extent to which access to data can be restricted and hence kept 

secure. 

Representational 

Interpretability The extent to which data are in appropriate language and units and 

the data definitions are clear. 
Understandability The extent to which data are clear without ambiguity and easily 

comprehended. 

Conciseness 
The extent to which data are compactly represented without being 

overwhelming (i.e., brief in presentation, yet complete and to the 

point). 
Consistency The extent to which data are always presented in the same format 

and are compatible with previous data. 

Contextual 

Value-added The extent to which data are beneficial and provide advantages 

from their use. 
Relevance The extent to which data are applicable and helpful for the task at 

hand. 
Amount of data The extent to which the quantity or volume of available data is 

appropriate. 
Timeliness The extent to which the age of the data is appropriate for the task at 

hand. 
Volatility The time for which information is valid in the real world 
Currency The age of the data 

Intrinsic 

Completeness The extent to which data are of sufficient breadth, depth, and 

scope. 
Mismembership Occurs when data item that should not exist in the system is 

recorded. 
Accuracy The extent to which data are correct, reliable, and certified free of 

error. 
Unambiguousness No two real-world states are mapped to the same information 

system state 
Meaningfulness No meaningless information system states: real world states are 

mapped to meaningful information system states 
Reputation The extent to which data are trusted or highly regarded in terms of 

their source or content. 
Objectivity The extent to which data are unbiased (unprejudiced) and 

impartial. 
Believability The extent to which data are accepted or regarded as true, real, and 

credible. 
 

 


