
LAPPEENRANTA-LAHTI UNIVERSITY OF TECHNOLOGY LUT 

School of Business and Management 

Knowledge Management and Leadership 

 
 
 
 
 
 
 
 
 
 
 
Mikko Sarlin 
 
MASTERING PRODUCT DATA –  
EVALUATION OF CROSS-DOMAIN SUPPORT IN MASTER DATA 
MANAGEMENT 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Examiners:   Professor Kirsimarja Blomqvist 

Assistant Professor Henri Hussinki 
    
 



i 
 

 

TIIVISTELMÄ 
 
Lappeenrannan-Lahden teknillinen yliopisto LUT  
School of Business and Management  
Tietojohtamisen ja johtajuuden maisteriohjelma 
 
Mikko Sarlin 
 
Tuotetiedon hallinta – Tietoalueiden välisen tuen arviointi masterdatan hallinnassa  
 
Pro gradu -tutkielma  
2021 
82 sivua, 13 kuvaa, 3 taulukkoa ja 1 liite 
Tarkastajat: Professori Kirsimarja Blomqvist ja apulaisprofessori Henri Hussinki 
 
Hakusanat: masterdatan hallinta, MDM, tiedonhallinta, datan laatu, datamalli,  datan 
elinkaari, kypsyysmalli, tuotetieto  
 
Pro gradu -tutkielman tavoitteena oli selvittää, miten yhdellä tietoalueella olemassa oleva 
masterdatan hallinta pystyy tukemaan masterdatan hallinnan (MDM) käyttöönottoa toisella 
tietoalueella. Työn teoriaosuudessa käytiin läpi, mitä masterdata ja sen hallinta ovat. MDM 
jaettiin neljään osa-alueeseen, tiedonhallintaan, datan laatuun, datamalliin ja datan 
elinkaareen. Työn teoriaosuudessa kuvattiin myös, miten MDM:n käyttöönotto tyypillisesti 
etenee sekä millaisia edellytyksiä ja haasteita käyttöönotossa yleisesti tulee vastaan. 
Tutkimuksen empiirinen osuus tehtiin laadullisena tapaustutkimuksena, jossa haastateltiin 
kohdeyrityksen asiantuntijoita. Empiirisessä tutkimuksessa selvitettiin miten 
kohdeyrityksessä käytössä oleva asiakas- ja toimittajatiedon MDM pystyisi tukemaan 
MDM:n mahdollista käyttöönottoa tuotedatan alueella. Haastatteluilla pyrittiin selvittämään 
nykyisin käytössä olevan MDM:n kypsyys sekä se, minkä tyyppistä tukea se pystyisi eri 
MDM:n osa-alueilla tarjoamaan.  
 
Työn tulokset osoittivat, että olemassa oleva MDM pystyy todennäköisimmin tarjoamaan 
tukea MDM:n laajentamiselle toiselle tietoalueelle. Tiedonhallinnan ja datan laadun osa-
alueet tarjoavat suorimman tuen ja ovat parhaiten uudelleenkäytettävissä. Datamallin ja 
datan elinkaaren osa-alueilla sen sijaan arvioitu tuki jäi epäsuoremmaksi. Keskeisimpänä 
selityksenä tälle oli, että datamalli ja datan elinkaari ovat voimakkaammin riippuvaisia itse 
datasta. Kohdeyrityksen tuotedatan nähtiin olevan monin verroin asiakasdataa 
monimutkaisempaa. 
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ABSTRACT 
 
Lappeenranta-Lahti University of Technology LUT  
School of Business and Management  
Master Programme in Knowledge Management and Leadership 
 
Mikko Sarlin 
 
Mastering product data – Evaluation of cross-domain support in master data 
management 
 
Master’s thesis 
2021 
82 pages, 13 figures, 3 tables ja 1 appendix 
Examiners: Professor Kirsimarja Blomqvist and Assistant Professor Henri Hussinki 
 
Keywords: master data management, MDM, data governance, data quality, data model, data 
life cycle, maturity model, product data  
 
The aim of this thesis was to study how an existing master data management (MDM) 
program can support implementation of master data management in another data domain. 
Master data and its management were presented in the theoretical background. MDM was 
presented to be composed of four main elements, data governance, data quality, data model 
and data life cycle. In addition, typical implementation of MDM and general prerequisites 
and challenges of MDM implementation were presented. The empirical part of the study was 
performed as a qualitative case study, in which experts from a case company were 
interviewed. The purpose of the empirical research was to find out how the existing business 
partner MDM could support the implementation of MDM in product data domain. This was 
approached by evaluating the maturity of the existing business MDM and by evaluating the 
type of support each existing MDM element could provide for MDM in product data domain. 
 
The results of the study showed that an existing MDM can likely support the further 
implementation of MDM in another data domain. Data governance and data quality elements 
provide more direct type of support and are most readily reusable. Data model and data life 
cycle elements provide rather indirect type of support. This difference was attributed to that 
data model and data life cycle were seen to be more dependent on the data itself. In the case 
company, product data was seen to be much more complex that business partner data. 
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1 Introduction 

The amount of data in the world is growing at mind-boggling rate. Companies are creating, 

collecting and storing more data than ever before, which may overwhelm their ability to 

manage it (Silvola, Jaaskelainen, Kropsu-Vehkapera, & Haapasalo, 2011). Especially in 

companies, where data has been managed locally in silos within different departments or 

locations, the quality of the data on an enterprise level is poor  (Loshin, 2008, p. 6). The 

companies that work in a siloed fashion do not have common data definitions, formats or 

values, which makes it close to impossible for them to utilize and understand the master data 

they have about their core entities, such as customers and products  (Smith & McKeen, 

2008).  

 

Traditionally, poor data quality and duplicates have led to reduced operational efficiency, as 

same data needs to be stored and maintained in multiple systems. Also, the trustworthiness 

of business intelligence and analytics created based on this low quality, scattered data may 

be questioned by the management and lead to hampered decision making. (Loshin, 2008, p. 

11) In the last decade digitalization has increased the requirements for data quality even 

higher, and initiatives such as digital commerce are fully dependent on high quality data. 

Without trusted master data the companies cannot realize the benefits from digitalization and 

will not achieve competitive advantages provided by it. (Moran, O'Kane, & Walker, 2018)  

 

Master data presents the most important real-world objects, such as customers, suppliers and 

products, that the company is using in their business (Loshin, 2008, p. 6; Spruit & Pietzka, 

2015). This data is shared and used in multiple business processes and systems (Cleven & 

Wortmann, 2010) and it is considered to be most critical data for the operations and analytics 

of the company (Allen & Cervo, 2015, p. 3). In addition to master data, companies handle 

also other types of data such as transactional data, metadata and reference data  (Dahlberg & 

Nokkala, 2015). 

 

Master data management (MDM) is an approach to remove the data silos and achieve a high 

quality, unique, single version of truth for the core business entities of the company  (Allen 

& Cervo, 2015, p. xix; Loshin, 2008, p. 13; Smith & McKeen, 2008). MDM does not have 
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a single, clear cut definition. It is considered to be a collection of best practices with the 

focus of creating a combined, harmonized, correct and timely set of data, which is necessary 

for successfully managing the business (Silvola et al., 2011). MDM is an approach to solve 

data quality issues arising especially from disparate organizations and information systems 

working as separate silos (Vilminko-Heikkinen & Pekkola, 2017). It is seen to be an 

application-independent business function that targets to provide a single source of truth for 

the business relevant master data, to lower the costs and complexity of operations through 

standardization and to support business intelligence and information integration (Otto, 2012; 

Smith & McKeen, 2008). Information technology is an integral part of MDM, but successful 

MDM is reliant on cohesively working business and IT related people and processes beneath 

it  (Allen & Cervo, 2015, p. xix) and it is rather a managerial challenge than IT problem  

(Silvola et al., 2011) .  

 

MDM combines information management methods, data management tools and business 

applications. The combination of these is utilized to implement suitable policies, procedures 

and infrastructures to generate high quality master data.  (Loshin, 2008, p. 9) Literature 

stresses that MDM cannot be considered as a project, but rather it needs to be seen as a 

program, process or function which requires business process and change management  

(Allen & Cervo, 2015, p. 6; Loshin, 2008, p. 16; Smith & McKeen, 2008; Vilminko-

Heikkinen & Pekkola, 2013).  

 

A well-established MDM function can serve the organization with high quality master data, 

however, setting up such a capability successfully is easier said than done. It is estimated 

that about 30 % of all IT initiatives fail by not meeting the expectations  (Radcliffe, 2007). 

Previous literature has recognized certain prerequisites that are needed for successful MDM 

implementation. Smith and McKeen (2008) have defined four prerequisites that they see an 

organization needs to define collaboratively by business and IT functions before an MDM 

program can be successfully initiated. They see that an enterprise-wide information policy 

and principles, business ownership over the MDM initiative, a sound data governance and 

the role of IT in the initiative are required to be defined. Silvola et al.  (2011) have researched 

preconditions for successful MDM implementation. Their research found that the main 

preconditions are a defined data model, clear definitions for roles and responsibilities, data 

ownership and data processes, organizational structure that supports the data processes, 
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culture that fosters data as an asset, well working data quality surveillance, support from 

managerial level and IT systems that use the data model.  

 

Previous research has also studied what kind of challenges organizations face during and 

after MDM implementation. Vilminko-Heikkinen and Pekkola (2017) studied MDM 

implementation in public sector especially from organizational aspect and they recognized 

in total 15 different challenges that affect successful implementation. These included issues 

with, for example, mutual understanding of data domains, MDM taxonomy and data owners. 

Silvola et al. (2011) identified challenges that organizations have with on-going MDM 

initiatives. These included issues with unclear data definitions, unclear data ownership and 

insufficient data quality practices. Haneem, Nama, Taskin, Pauleen and Bakar  (2019) have 

studied the determinants of MDM adoption in the context of public sector. They recognized 

that data governance and data quality, together with complexity, top management support 

and technological competence have significant effect on the adoption of MDM. 

 

Typical approach for companies to implement MDM is to start small with one data domain, 

such as customer, and later expand to further areas  (Allen & Cervo, 2015, p. 25). This allows 

the companies to incrementally increase their understanding on MDM and how it can best 

support their business (Smith & McKeen, 2008). Some of the functions related to MDM can 

be generic between the different domains, while others are more domain specific, yet still 

providing synergies between the domains. Which of the functions are generic and which 

domain specific, depend on the organization and on the domains covered by MDM. Also, 

how well the organization can reuse the processes, experiences and knowledge of the 

existing MDM program, depends on the maturity of the different MDM functions in the 

company. (Allen & Cervo, 2015, pp. 6-7, 15) 

 

1.1 Aim of the study  

As described above, previous literature has recognized that a large part of IT related projects 

fail to reach their expected targets (Radcliffe, 2007), and in order to increase the success rate, 

preconditions and pain points in MDM implementations have been researched (Haneem et 

al., 2019; Silvola et al., 2011; Smith & McKeen, 2008; Vilminko-Heikkinen & Pekkola, 
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2017). It has also been stated that existing MDM programs for one or more domains can 

support MDM implementation for further domains. Which of the MDM functions can 

provide direct support by being generic between the domains and which can provide indirect 

support, is dependent on the organization and on the domains in question. (Allen & Cervo, 

2015, pp. 6-7) 

 

The theoretical aim of this study is to provide insight to existing theory on multi-domain 

MDM by studying the specific context of expanding from existing business partner domain 

to product domain in a case organization. The main research question of this thesis is: 

 

How an existing MDM program can support further implementation of MDM in another 

data domain? 

 

To find answers to this problem, three sub-questions are posed: 

 

Sub-RQ1: What is MDM? 

Sub-RQ2: What kind of preconditions and challenges have been recognized for a 

successful implementation of MDM? 

Sub-RQ3: What kind of cross-domain support can MDM program for business partner 

domain provide to expansion of MDM in product domain? 

  

The first sub-question seeks to provide general understanding about what MDM is and what 

kind of functions and concepts are related to it. The second sub-question aims to shed light 

on what are the recognized preconditions and typical pain points that organizations run into 

when implementing and adopting MDM. The third question concentrates to find out, what 

kind of support the existing MDM for business partner domain could provide to the 

expansion of MDM in product domain. This is studied firstly by evaluating the maturity of 

MDM elements for business partner domain and secondly by assessing the type of support 

the different MDM elements can provide between the domains. The first and second research 

question are answered by reviewing the existing literature. Answers to the third research 

question are aimed to be obtained through empirical research. By answering these questions, 

the study will provide insight regarding how an existing MDM program can support further 

MDM implementation. Seeking out this support is especially important in the context of the 
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case organization’s industry, where the product domain is very complex. 

 

The motivation for the thesis originates primarily from practical issues at the case 

organization. The company operates in raw material manufacturing industry and has grown 

over the decades through mergers. As a result, the company is composed of deep and 

disparate silos, where each production site is basically working in their own universe. This 

issue has been overcome for business partner data by taking master data management in use. 

For all other core data, product data included, no common approach has been created. As a 

result, the product data originating from different sites and source systems is ambiguous and 

not readily comparable.  So far, the issues with product data have been overcome with 

various work arounds. Recently however, the company has started moving forward with 

multiple digitalization initiatives, which have raised the bar on data quality and created a 

need to have unambiguous and unique product data that provides a comparable and 

transparent view to each of the production sites. Master data management has been 

acknowledged to be an approach that could solve the current issues arising from the disparate 

processes and information systems. The practical aim of the thesis is to provide insight for 

the case organization about the possible synergies between the existing and planned MDM 

domains.  

 

This thesis concentrates on understanding the concept of MDM and how it can be 

implemented and expanded to cover new data domains. Even as information technology is 

one important part of MDM, that aspect is out of the scope of this thesis. 

 

1.2 Definitions of terms 

The main terms of the thesis are defined as follows. 

 

Master data presents the most important real-world objects, such as customers, suppliers 

and products, that the company is using in their business (Loshin, 2008, p. 6; Spruit & 

Pietzka, 2015). Master data is considered to be the most critical type of data for the 

operations and analytics of the company (Allen & Cervo, 2015, p. 3), as it is widely used 

and shared by multiple systems and processes (Cleven & Wortmann, 2010). It is very static 
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in nature, can exist on its own without other data, and provides context to other types of data, 

such as transactional data (Allen & Cervo, 2015, p. 3; Cleven & Wortmann, 2010; Dahlberg 

& Nokkala, 2015). 

 

Master data management (MDM) is a collection of best practices with the focus of creating 

a combined, harmonized, correct and timely set of data, which is necessary for successfully 

managing the business (Silvola et al., 2011). It is a combination of information management 

methods, data management tools and business applications  (Loshin, 2008, p. 9). 

 

Data domain refers to the data related to a specific key business entity (Allen & Cervo, 

2015, p. 3). These entities can be categorized into parties, things and places. Parties cover 

entities such as customers and employees. Things can be, for example, products or assets. 

Places can refer to, for example, locations and regions.  (Smith & McKeen, 2008) 

 

Data quality is defined as the suitability of the data to serve the purposes of the user  (Haug, 

Stentoft Arlbjørn, Zachariassen, & Schlichter, 2013). In more detail, data quality can be 

viewed from specific dimensions, such as accuracy, timeliness, completeness and 

consistency  (Ballou & Pazer, 1985; Haug et al., 2013). 

 

Data governance is the assignment of decision rights and related tasks in the management 

of data in an organization, with the aim of maximizing the value of data assets. (Otto, 2011). 

Data governance defines roles to which these responsibilities are assigned to  (Weber, Otto, 

& Österle, 2009). 

 

1.3 Research methods  

This research is conducted as a case study. Case study is a suitable empirical method to study 

contemporary phenomenon in their real-world context, especially when the boundaries of 

context and phenomenon are not clear  (Yin, 2018, p. 15). The phenomenon studied in this 

thesis is considered to be highly context dependent as it has been stated that the specifics of 

cross-domain support of MDM are dependent on the organization and domains in question  

(Allen & Cervo, 2015, pp. 6-7). 
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The case organization in this thesis is a multinational company operating within 

manufacturing industry. Its main operations are in the Nordics, but it has global presence 

with sales and stock network covering the globe. The company has a typical past with MDM. 

After a major merger in 2014, the company decided that it needs to have a better grip over 

their business partner information. As a result, business partner MDM program was 

established. Business partners in the company cover customers, suppliers and 

subcontractors. Similar need for MDM has not been previously seen for other data domains. 

Recently however, the company has decided to start ramping up multiple digitalization 

initiatives, which increase the need for trustworthy and unified product data. Therefore, the 

company is looking into establishing MDM for product data domain.  

 

The empirical data for this thesis was collected using semi-structured interviews. Aim of the 

interviews was to collect data on the maturity of the existing business partner MDM program 

and on how the current MDM is seen to support the possible implementation of product 

MDM. The interview themes and questions were developed from past MDM literature 

covering the MDM models, MDM maturity assessments and prerequisites and challenges in 

MDM implementations. All interviews were recorded. For data analysis, the interviews were 

transcribed, and the data was analyzed using qualitative content analysis. First focus was on 

evaluating the maturity of the elements related to the existing business partner MDM. Second 

focus was on developing insight on the type of support the different MDM elements could 

provide for the potential implementation of product data MDM. 

 

1.4 Structure of the thesis 

The structure of the thesis after this introductory section is as follows. Second section 

concentrates on the theoretical background. It describes what existing literature states about 

MDM and its related concepts, about MDM implementation and evaluation of MDM 

maturity. It also synthesizes the theoretical background into a framework for evaluating 

cross-domain support of MDM. Third section presents the methodology of the study together 

with description of the case organization. Fourth section presents the results of the empirical 

study. Fifth section includes the discussion and the final sixth section the conclusion.  
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2 Theoretical background 

This section presents the theoretical background of the thesis. In the beginning, data and its 

relation to information and knowledge is discussed. Various types of data and specifics of 

master data are presented. Following this, the concept of master data management (MDM) 

is discussed, and the different elements related to it are presented. Establishing an MDM 

program and the related prerequisites and challenges are then reviewed. Maturity models for 

evaluating the level of existing MDM program are presented. Finally, based on the presented 

theory, a theoretical framework for evaluating the cross-domain support in MDM is 

synthesized. 

 

2.1 Data as an asset 

Knowledge, information and data are three related concepts, which are seen to build on each 

other. Data is typically seen to be at the base of the hierarchy as raw numbers and facts. 

Information builds on data, as it is seen to be data that is processed and has a context. At the 

top of the hierarchy stands knowledge. It is stated to be information that is embedded in a 

person’s mind, where it relates to the other concepts, facts and ideas that the person has. 

(Alavi & Leidner, 2001)  

 

Good quality data is a valuable and crucial asset for modern companies, as they need to meet 

a multitude of business requirements, such as, regulatory compliance, integrated business 

processes and efficient reporting (Otto, 2011). Companies also utilize practices such as 

business intelligence and analytics to generate valuable information and knowledge out of 

data to support their decision making  (Chen & Nath, 2018). The quality of the data is of 

utmost importance, as poor-quality data will lead to low quality information and further to 

bad decision making (Allen & Cervo, 2015, p. 162). Also, data must be available, because it 

only has value when it is actually used (Mosley, Bracket, & Earley, 2009, p. 3). 
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2.1.1 Types of data 

In order for a company to properly manage their data, it is necessary to recognize what kind 

of data they have. The traditional data categories related to organizations are transactional 

data, metadata, reference data and master data  (Cleven & Wortmann, 2010; Dahlberg & 

Nokkala, 2015).  

 

Transactional data is data about business events, such as sales orders or invoices. Due to its 

nature, transactional data typically changes over its life cycle, as for example, the status of 

an order can change from “in processing” to “delivered”. Also, the amount of transactional 

data increases over time, as new orders and invoices are created with the on-going business. 

(Cleven & Wortmann, 2010) Metadata means data about data. It can be divided further into 

sub-categories, such as structural and descriptive metadata  (Allen & Cervo, 2015, p. 16). 

Structural metadata contains information about the data structures, and it supports the design 

and technical operation of information systems. Descriptive metadata on the other hand 

describes the data content and is used to help end users to understand what the data is about. 

(Cleven & Wortmann, 2010; Dahlberg & Nokkala, 2015) The purpose of metadata is to 

describe what the given data entity is about, why it exists and how it should be used. 

Reference data contains predefined sets of values of, for example, abbreviations for 

currencies, countries or production sites, which the whole organization is supposed to use. 

Aim of reference data is to ensure that the values used for different transactional data, 

metadata or master data attributes are aligned across the enterprise. (Cleven & Wortmann, 

2010) In a broader view, reference data is said to be any type of data, which can be used in 

classification, categorization or validation of other data (Allen & Cervo, 2015, p. 19).  

 

2.1.2 Master Data 

Master data presents the most important real-world objects, such as customers, suppliers and 

products, that the company is using in their business (Loshin, 2008, p. 6; Spruit & Pietzka, 

2015). This data is shared and used in multiple business processes and systems (Cleven & 

Wortmann, 2010). Master data is considered to be most critical for the operations and 

analytics of the company as it is widely shared, and as it gives context to transactional data 

(Allen & Cervo, 2015, p. 3). High quality master data is a prerequisite for achieving strategic 
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business targets, such as effective decision making and supply chain management  (Ofner, 

Straub, Otto, & Oesterle, 2013). In contrast to transactional data, master data objects are very 

static in nature, and do not typically change over their life cycle. Also, the amount of master 

data objects is fairly constant, as it is non-transactional in nature, and new master data is only 

needed when new entity, such as a customer, is introduced.  (Dahlberg & Nokkala, 2015) In 

addition, unlike transactional data, master data entities can exist independently without other 

objects. For example, sales order requires entities such as customer and product to exist, but 

product and customer, which are master data entities, can exist on their own.  (Cleven & 

Wortmann, 2010) 

 

Master data entities can be categorized into three broad domains. These are party, thing and 

location. Each can be further divided to more detailed domains. Parties cover master data 

domains related to business partners, such as customers, suppliers and employees. Things 

refer to entities in domains that the company can own or offer, such as products, assets or 

services. Locations present regions, sites or places, such as sales areas, stock locations or 

cities. (Cleven & Wortmann, 2010)  

 

The various master data entities can also be hierarchical or otherwise related. As an example, 

“party” could be a general higher-level entity, under which different roles, such as 

“customer”, “supplier” and “employee” might exist  (Loshin, 2008, p. 8).  Also, the different 

entities can be related, for example, so that a master entity product is stored at a master entity 

location (Cleven & Wortmann, 2010). 

 

2.2 Master Data Management 

Master data management (MDM) is a continuation in the line of efforts to increase the 

quality and usability of enterprise data. In the past decades, companies have taken up 

initiatives to manage and improve their data using, for example, data dictionaries, data 

warehousing and enterprise application integration. However, these efforts have often failed 

to provide sustainable improvement, as issues related to, for example, poor data quality, 

synchronization between systems and harmonized data taxonomy have become 

insurmountable.  (Smith & McKeen, 2008)  
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Loshin (2008, pp. 13-14) presents that these earlier approaches have often failed in achieving 

the promised outcomes for four reasons. First, the approaches have been very technology 

centric, and the original business needs have been overshadowed by the technical challenges. 

Second, the solutions often ended up being just another data silo beside the existing 

information systems. Third, the earlier systems were seen as standalone solutions, without 

the capabilities to mesh into the business processes with defined data governance and data 

quality policies. Fourth, the earlier approaches did not properly support organizations to take 

actions based on and follow up the impacts of the improved data.  

 

Instead of technology focus, MDM initiatives look at the issues from business perspective 

and aim to identify and validate the core entities with business clients. A successful MDM 

is stated to be a combination of business and data management practices combined with 

suitable tools and technologies.  (Loshin, 2008, p. 14) Information technology is an integral 

part of MDM, but successful MDM is reliant on cohesively working business and IT related 

people and processes beneath it  (Allen & Cervo, 2015, p. xix) and it is rather a managerial 

challenge than IT problem  (Silvola et al., 2011) .  

 

Master data management does not have a single, clear cut definition. It is considered to be a 

collection of best practices with the focus of creating a combined, harmonized, correct and 

timely set of data, which is necessary for successfully managing the business (Silvola et al., 

2011). MDM is an approach to solve data quality issues arising especially from disparate 

organizations and information systems working as separate silos (Vilminko-Heikkinen & 

Pekkola, 2017). It is seen to be an application-independent business function that targets to 

provide a single source of truth for the business relevant master data, to lower the costs and 

complexity of operations through standardization and to support business intelligence and 

information integration (Otto, 2012; Smith & McKeen, 2008). The target of an MDM 

initiative is to create a single repository, which holds the sound master data, and which 

supplies it to all relevant applications across the company  (Loshin, 2008, p. 14). 

 

MDM describes, owns and manages the data related to core business entities. In order to 

make the task more manageable, it aims to cover only the most important parts of the 

enterprise data.  (Smith & McKeen, 2008) MDM is seen to be a continuous effort. Literature 
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stresses that it cannot be considered as a project, but rather it needs to be seen as a program, 

process or function which requires business process and change management  (Allen & 

Cervo, 2015, p. 6; Loshin, 2008, p. 16; Smith & McKeen, 2008; Vilminko-Heikkinen & 

Pekkola, 2013). 

 

As MDM does not have a single definition, various models and frameworks of it exist in 

literature. The different models present various elements or functions that MDM is seen to 

cover. The models which are commonly referred to in MDM literature are presented below. 

The elements and functions common for the models are presented in more detail later in the 

following subsections.  

 

Loshin  (Loshin, 2008, pp. 44-56) describes that a well-established MDM program consists 

of at least six components (Figure 1).  At the bottom stands architecture. It provides structure, 

as it contains the master data model with definitions and formats for how the data is stored, 

and control as MDM system and service layer architectures define roles of the different 

systems. Next is governance, which addresses data ownership and stewardship, data quality, 

security and data definitions. Following this is operations management, which manages the 

policies for defining unique master data objects and the hierarchies between the objects. 

Identification and consolidation component acts upon the defined policies to merge duplicate 

data into unique entities. Integration component takes the consolidated master data entities 

and integrates them back to operational and analytical applications. Last component of the 

model is business process management, which is responsible for defining the business 

requirements and rules that guide the design of applications and the use of master data in 

them. 

 

 

Figure 1 Components of MDM according to Loshin (adapted from 2008, p. 45) 
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Cleven and Wortmann (2010) have presented that MDM requires the configuration of five 

core elements related to master data, which are master data structure, master data systems 

architecture, master data processes, master data governance and master data quality. 

 

Silvola et al. (2011) have presented a framework for MDM consisting of three main themes, 

which are data, processes and information systems (Figure 2). These combine core entities 

of parties, places and content together into one master data system. In their framework, data 

includes data model, attributes and their definitions. Processes include definitions for data 

ownership and the procedures that are needed to cleanse, publish and protect the data. 

Information systems contains the technological solutions and applications to automatically 

integrate and share the data. Parties represent how the organization has defined roles and 

responsibilities related to MDM. Places refer to locations and processes that integrate data 

together. Content describes the actual content of master data. 

 

Figure 2 Framework for MDM according to Silvola et al. (adapted from 2011) 

 

Allen and Cervo  (2015, pp. 11-23) define MDM to consist of ten different functions. Their 

model differs from the other models in that it recognizes the different data domains to be 

separate entities and that they may need to be handled as such in MDM. Figure 3 presents 

the cross-domain model of MDM.  The ten functions covered by the model are data 

governance, data stewardship, data integration and synchronization, reference data 

management, metadata management, data architecture, CRUD management, data security, 

entity resolution, and data quality management. In addition to the functions, they present that 

management support is essential for well-functioning MDM. Some of the ten functions can 

be generic and shared among the different domains, while others may be required to be 
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specialized per domain. Which of the functions can be generic, and which need to be 

specialized, depends on the specifics of the organization and the domains included to MDM. 

Generally, functions such as data governance and data security can be generic between the 

domains. Other functions, such as data quality, have likely domain specific features, but may 

however share, for example, the related tools or processes between the domains. Thus, both 

the existing generic and the domain specific functions can help the organization to expand 

MDM to new domain. (Allen & Cervo, 2015, pp. 6-7) How much support each function can 

provide to other domains is also dependent on the maturity of the function. With increasing 

maturity, the organization becomes more knowledgeable and experienced and thus more 

able to reuse the methods and processes related to the function. (Allen & Cervo, 2015, p. 15) 

 

 

Figure 3 Cross-domain model of MDM (adapted from Allen & Cervo, 2015, p. 7). 

 

MDM should be seen as part of the company’s data ecosystem that ties in and integrates to 

other existing information management activities of the organization. Schematic example of 
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the data ecosystem, and how MDM fits into it, is presented in Figure 4. Smith and McKeen  

(2008) state that in order to be able to acknowledge what is required to implement MDM 

and to integrate it in the existing ecosystem, it is necessary to understand how the existing 

components of the ecosystem are related. 

 

 

Figure 4 Schematic example of data ecosystem of an organization (adapted from Smith & 

McKeen, 2008) 

 

Even as there is no one common definition for MDM, the various models cover the same 

main themes. Data governance is commonly stated to be the most important element of 

MDM and that an MDM program cannot succeed without it. Along with it, the roles and 

responsibilities are crucial to be defined. Data model and data architecture are also 

considered to be in the core of MDM, as without established structure and definitions, master 

data cannot be properly managed. The quality of the data is essential and therefore it is 

necessary to acknowledge and measure it. Lastly, the life cycle of master data, including 

how entities are created, used, updated and finally deleted, has major importance. The 

following subsections describe these main themes related to MDM in more detail. 
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2.2.1 Data governance  

Data governance is stated to be one of the most important elements in MDM programs. A 

company can and should have a data governance discipline in place regardless of whether it 

is running an MDM program, but on the contrary, MDM program cannot survive without 

data governance  (Allen & Cervo, 2015, p. 11). In case the company does not have a fully 

established enterprise data governance in place, MDM implementation is considered to be a 

good opportunity for developing one, as both are enterprise-wide initiatives  (Loshin, 2008, 

pp. 67-68). 

 

Similar to MDM, also data governance lacks a clear single definition. Based on past research, 

Abraham et al. (2019) have synthesized a definition for data governance that contains six 

aspects. First, data governance is considered to be cross-functional exercise, which supports 

collaboration over different data domains and functions in organization. Second, it is a 

framework that structures and formalizes data management. Third, data governance 

considers data to be a strategic enterprise asset. Fourth, it determines decision rights and 

accountabilities for decision making about organization’s data. Fifth, data governance 

specifies data standards, policies and procedures. And sixth, it monitors compliance by 

controlling that set standards and policies are met.  

 

In short, data governance is the exercise of authority and control over management of data 

(Mosley et al., 2009). It aims to maximize the value of enterprise’s data assets (Otto, 2011). 

Data governance is differentiated from data management in that data governance defines 

what decisions must be made, and by whom, whereas data management is about executing 

the data governance policies by making the defined decisions as part of the daily work 

(Abraham et al., 2019).  

 

Brous, Janssen and Vilminko-Heikkinen  (2016) have gathered principles related to data 

governance from past literature. These are presented in Figure 5. The four main principles 

related to data governance are organization, alignment, compliance and common 

understanding. They state that data governance has organizational dimension, as it is related 

to organization’s goals and structure. It has to provide alignment by assuring that data 

supports the business needs, and that business and IT functions work together toward 



17 
 

 

common targets. Data governance assures compliance to privacy, security and other 

requirements by developing and enforcing policies and procedures. And it supports the 

correct use of data by creating and maintaining suitable enterprise data models and metadata 

that facilitate common understanding of data.  (Brous et al., 2016) 

 

 

Figure 5 Key concepts related to data governance (adapted from Brous et al., 2016) 

 

In order to make the data governance policies actionable and not only existing on paper, 

organization needs proper roles and management structures in place. (Loshin, 2008, p. 77) 

Typical roles related to data governance are data councils, data owners and data stewards  

(Otto, 2011). In addition, executive sponsor is considered to be needed at the top to provide 

strategic direction, funding, oversight and sponsorship for data governance. Such a role 

should be held by executive level director. Data governance council is a team which defines 
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framework for the data governance over the whole organization, sets priorities and oversees 

its implementation. (Loshin, 2008, p. 83; Weber et al., 2009) Data owners work for business 

departments and specify the requirements for the data and its quality. In relation to enterprise 

data, data ownership does not typically refer to literally owning the data, as data is supposed 

to be a shared enterprise asset, but rather to being the main stakeholder for the data entities. 

(Otto, 2011).  

 

Data stewardship is about looking over and managing the company’s data assets at a tactical 

level. Data stewards are typically working in business functions supporting the user 

community and their responsibility is to drive data correction and data management process 

improvements. (Allen & Cervo, 2015, p. 12) They define the data quality standards and 

policies for the specific data elements and provide the definitions and formats for them 

(Loshin, 2008, p. 83; Weber et al., 2009). Data stewards also manage metadata and business 

definitions for the core data elements related to the critical data entities  (Loshin, 2008, p. 

85). Their focus is on data content and business context, in contrast to data custodians, who 

are from IT side responsible for the technical operations on the data, such as the storage, 

safety and transportation. Data custodians are typically able to support multiple data 

domains, as their responsibilities are related to technical systems, and as such are not context 

related. Data stewards on the other hand, require subject matter specific understanding of the 

data content, and are typically specialized for a specific domain. The methods that data 

stewards use for data analysis and correction work, are however quite generic, and can 

provide support between domains. (Allen & Cervo, 2015, p. 12)  

 

To assure that data governance is effective and can achieve its goals, the related tasks, 

responsibilities and authorities need to be assigned to roles in a congruent fashion  (Otto, 

2011). One approach to plan and communicate how the roles and decision areas are related 

is to use RACI notation technique. In that the roles and decision areas are mapped into a 

matrix, where each node is marked with a letter presenting if the role is responsible (R), 

accountable (A), to be consulted about (C) or informed about (I) a decision regarding that 

specific area (Loshin, 2008, pp. 32-33). In addition to planning, RACI chart is considered to 

be a clear way to communicate the responsibilities also outside the data governance and 

MDM programs  (Allen & Cervo, 2015, p. 63). 
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2.2.2 Data model 

Data model is used to document and organize data entities and elements and their 

relationships. A master data model has to be designed carefully so that it supports all the 

needs from current applications, but also so that it is flexible to support new needs arising in 

the future. IT systems are regularly renewed, but it is likely that the same data model will be 

migrated further to new coming systems.  (Allen & Cervo, 2015, pp. 22, 27) Most often the 

data models need to be designed for each company specifically, as the structure of the needed 

data is dependent on how the company has defined their core business entities and how they 

are used and modelled in the existing system landscape  (Allen & Cervo, 2015, p. 47). 

 

Master data model defines what data is considered to be master data (Spruit & Pietzka, 

2015). Data should be modeled so that each data element has definition for administration, 

governance, storage and usage (Ebner, Otto, & Oesterle, 2012). It is also important that the 

master data elements have common definitions. Without explicit definitions, it is likely that 

different parties have different understandings of what each element means. (Spruit & 

Pietzka, 2015) To spread the common view over the data within the organization, data 

dictionaries can be used to present the listings of data elements, their definitions and related 

metadata (Allen & Cervo, 2015, p. 27). 

 

2.2.3 Data quality 

As the target of MDM is to have only single source for the master data, the quality of the 

data is critically important. If data quality is not high, the users will not be able to trust it and 

the organization will not achieve the benefits of MDM. (Smith & McKeen, 2008)  

 

Data quality is said to describe how well a specific piece of data serves the purpose of the 

user. Several dimensions of data quality have been identified. (Haug et al., 2013) In a survey 

made by Wang and Strong  (1996) a total of 179 dimensions for data quality were identified. 

A classic, and more compact, categorization developed by Ballou and Pazer (1985; Haug et 

al., 2013) presents data quality to consist of four dimensions. These are accuracy, 

consistency, completeness and timeliness. Another popular classification made by Wand and 

Wang (1996) presents data quality through four intrinsic dimensions: completeness, 
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unambiguousness, meaningfulness and correctness. According to them, data is incomplete 

when it does not represent all states of the real world. Data is ambiguous, if it can refer to 

multiple real-world states and thus be interpreted in more than one way. Data is meaningless 

if it does not refer to any real-world state. And lastly, data is incorrect, when it refers to 

wrong real-world state. Especially in relation to master data, uniqueness is also considered 

to be an important data quality dimension  (Loshin, 2008, p. 90). 

 

The quality of master data is monitored using data quality techniques and tools in integration 

and consolidation processes  (Loshin, 2008, p. 49). Accuracy or correctness of the data can 

be assessed by comparing the master data with identified source of correct data. This 

naturally requires that such secondary source of data exists. Consistency means that data 

values collected from separate data sets do not conflict with each other. An example of this 

is that the number of customers appointed to sales representatives should match the total 

number of customers that the company has. Completeness can be controlled by defining 

rules for the data elements, such as a price for a product must not be null. Timeliness means 

that the data is available and accessible for use when expected. To measure success on 

timeliness, it is necessary to define the requirements on how quickly each data element is 

needed to be accessed. Uniqueness of the data can be assessed by analyzing whether the data 

set includes duplicate records. This requires identifying matching entries and resolving 

potential conflicts.  (Loshin, 2008, pp. 90-92) 

 

In addition to verifying the data quality, it is also important to measure and present the value 

of MDM program and its effect on business performance to the organization. Suitable 

metrics should be set up on different organizational levels, which can be linked to improved 

master data quality. At the operative level, the metrics should be related to data quality and 

flow itself. On higher levels, the master data improvements should be correlated to suitable 

business metrics, such as customer retention rates or operational effectiveness. (Moran et al., 

2018; Radcliffe, 2007) 

 

2.2.4 Data life cycle 

Similar to other assets that companies have, also data has a life cycle, and it should be 

managed  (Ofner et al., 2013). According to Data Management Association  (Mosley et al., 
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2009, pp. 3-4), data has seven phases during its life cycle, which are presented in Figure 6. 

In case data is properly managed, its life cycle begins already before its creation by planning 

what the data is, specifying what it should be like and enabling that the data can later be 

captured, delivered, stored and controlled. These initial phases occur typically during 

projects, where information systems are developed. In MDM programs, the initial life cycle 

phases are handled by developing the master data model, as that is where the data structure 

and definitions are set  (Loshin, 2008, p. 83). The latter life cycle phases, during which the 

data is processed, are creation or acquisition, maintenance and usage, archiving and retrieval, 

and purging (Mosley et al., 2009, p. 4). These data processing activities are typically referred 

to with an acronym CRUD that stands for create, read, update and delete  (Allen & Cervo, 

2015, p. 20).  

 

 

Figure 6 Seven phases of data life cycle (adapted from Mosley et al., 2009, p. 4) 

 

Activities for creating or acquiring master data vary depending on selected MDM style. Two 

archetypes for MDM are persistent-style and registry-style MDM. In a persistent-style 

MDM, all master data is created directly into the master data repository. From process and 

data life cycle perspective this is easier approach, as data is maintained in one place and 

distributed from there to the applications that use the data. However, from broader system 

landscape and data model perspective this approach is more difficult to pursue, as typically 

major changes are required to all applications using the data. Registry-style MDM on the 

other hand compares data from multiple source systems and aims to create a link between 

matching records. In this approach, master data itself is not stored in the MDM repository, 

but rather only a reference to the selected master data in source systems. (Allen & Cervo, 

2015, pp. 41-44) In this setup, a set of activities is needed to resolve which records are the 

master data. Entity resolution is first needed to decide which of the data records from 

multiple sources refer to the same entities. Next, based on a predefined logic, that can be 

based on, for example, data quality and business rules, the master version of each unique 

data entity is selected. (Allen & Cervo, 2015, pp. 116-118) Then, the reference to this master 

data is published to be used by downstream applications  (Allen & Cervo, 2015, p. 41). In 
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addition to these two MDM styles, also a combination of these, hybrid-style, exists. In that 

data is created in the source systems, but the master version of it, resolved similarly to 

registry-style, is stored on the MDM repository.  (Allen & Cervo, 2015, pp. 44-45) 

 

Updating master data entities in the persistent- and registry-style MDMs is not an issue, as 

both of them contain the master data entities only in one place. On the other hand, in hybrid-

style, as the master data firstly exists in the source system, but also as a copy in the master 

repository, there is a risk of inconsistency between the systems especially when data is 

updated.  (Allen & Cervo, 2015, pp. 44-45) Therefore, hybrid-style MDMs also require data 

synchronization processes to be in place to guarantee data consistency  (Allen & Cervo, 

2015, p. 50). 

 

2.2.5 Summary of MDM 

As presented, MDM is a collection of best practices to overcome data quality issues and to 

provide a single source of truth for business relevant master data  (Otto, 2012; Silvola et al., 

2011; Vilminko-Heikkinen & Pekkola, 2017). Each of the various MDM models in literature 

have their own way to formulate and structure the related practices, but in the end they all 

revolve around the same core themes. In this thesis these themes are recognized to be data 

governance, data model, data quality and data life cycle. In addition, some models cover 

topics related to the information system aspects of MDM, which are important part of MDM, 

but delimited out of the focus of this thesis. Table 1 presents how the elements of the various 

MDM models fit into these recognized themes. 

 

To summarize, each of the presented models view data governance as a central discipline for 

MDM. Data governance is about developing and enforcing policies and defining roles and 

responsibilities related to data management. Data model and data architecture are also in the 

heart of each MDM model. They are used to define and document what data in the company 

is treated as master data, what are the definitions for each data element and what are the 

relationships between the elements. Improved data quality is considered to be the main 

outcome of MDM initiatives. Each model covers aspects of data quality, while not all of 

them present it as its own element. Data life cycle is about the processes and practices with 

which the single source of truth is generated and managed. Selected MDM style affects 
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which activities are needed during the life cycle.   

 

Table 1 Core themes of MDM models 

Core themes 
Loshin  
(2008) 

Cleven & 
Wortman  

(2010) 

Silvola et al. 
(2011) 

Allen & Cervo 
(2015) 

Data governance 

Governance 

 Data governance  Parties 

Data governance 

Operations 
Management 

Data stewardship 

Data model Architecture 
Master data 
architecture 

Data 

Data architecture 

Reference data 
management 

Metadata 
management 

Data quality   
Master data 

quality 
  

Data quality 
management. 

Data life cycle 

Identification and 
Consolidation 

  
Master data 
processes 

  Entity resolution 

Processes 
Data integration & 

synchronization 

Integration   CRUD 
management 

Information 
Systems 

  
Master data 

systems 
Information 

Systems 
  

 

2.3 Implementation of MDM 

The purpose of master data management is to increase the quality and value of the core data 

assets of the company. However, the gains are not realized unless the related best practices 

are properly implemented and adopted by the organization. Establishing MDM is a complex 

task, in which organization-specific issues should be taken into consideration. (Vilminko-

Heikkinen & Pekkola, 2017)  

 

This section describes what an organization should take into account when implementing an 

MDM and what kind of steps have been recognized in practice when MDM program has 

been established. Also, recognized challenges for MDM implementation are presented.  
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2.3.1 Enablers of successful MDM implementation 

A research and advisory firm Gartner Inc. (Moran et al., 2018; Radcliffe, 2007) has 

developed a model that involves seven design areas, which should be taken into account 

when establishing MDM (Figure 7). They present first that it is important to align the MDM 

program with the business vision of the organization. This is done by developing a strategic 

MDM vision, which needs to clearly describe what value the MDM program would bring to 

realizing the business vision and why MDM is the selected solution. Optimally, the MDM 

vision is embedded in a broader information management framework that covers also other 

areas besides master data, such as business intelligence and business analytics. Second, 

MDM strategy needs to be developed, which presents how the vision is achieved and what 

are the actual business goals of the strategy. Based on the strategy, an MDM road map should 

be created that provides guidelines on how the organization can move from current state to 

the envisioned target state. Third, suitable metrics or key performance indicators must be 

developed, which show how the MDM program improves the business performance of the 

organization. Ideally, the metrics are set up for different levels of the organization starting 

from the operative level with, for example, data quality related metrics, and ending up to top 

management showing how the improvements have impacted the company’s bottom line 

result. Fourth, an MDM governance framework needs to be established. Similar to other 

MDM literature  (Allen & Cervo, 2015, p. 11; Loshin, 2008, p. 68) also Gartner  (Moran et 

al., 2018; Radcliffe, 2007) presents that without proper governance the MDM program is 

likely to fail. Fifth design area is people. As MDM will introduce a new way of working and 

changes in roles and responsibilities, proper communication, training and change 

management are crucial to keep personnel informed and motivated. Sixth design area is 

called the process. This relates to master data life cycle and covers mapping the current state 

of acquiring and processing master data in the organization, and modeling how these 

processes would be managed in the various applications in the envisioned future state. The 

last design area is infrastructure, which captures the technologies and information 

infrastructure that is needed for running MDM. Numerous vendors are nowadays offering 

ready packaged MDM solutions that can be tailored to meet the technical requirements of 

the organization.  (Moran et al., 2018; Radcliffe, 2007) 
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Figure 7 Seven design areas of MDM (adapted from Moran et al., 2018) 

 

The importance of these design areas is also backed up by prerequisites defined by Smith 

and McKeen (2008). They present that an organization needs to define four prerequisites 

before an MDM program can be successfully initiated. Firstly, an organization has to define 

an enterprise-wide information policy and principles (Smith & McKeen, 2008), which is in 

accordance with the Gartner’s governance design area  (Moran et al., 2018). Aim of the 

policy and principles is to prepare the organization for situations, where interests and 

viewpoints of different stakeholders would collide. They should cover issues related to data 

management objectives, data ownership and how conflicting priorities should be 

accommodated. Secondly, business ownership over the initiative is required. (Smith & 

McKeen, 2008)  In Gartner’s model, this is established using the MDM vision and strategy, 

together with governance and people (Moran et al., 2018). Business functions must define 

roles and responsibilities to guarantee proper sponsorship for the program and broad 

involvement by all stakeholders to enable sound definition of what data is to be included and 

how each piece of data should be handled. Data steward roles have to be created to work 

with the data definitions, but also change specialists are seen to be important. Thirdly, a 

sound data governance, where both business and IT functions are presented, is necessary to 

allow for effective decision making and conflict resolution at all organizational levels. 

(Smith & McKeen, 2008) Also this prerequisite ties strongly with the Gartner’s governance 

design area (Moran et al., 2018). Lastly, even if most of the effort in MDM program is 

considered to land on business and most issues are organizational in nature, also IT has a 

central role in the initiative. IT function should, in addition to managing the necessary 
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technologies, have the capability to define a data strategy, map the data flows, model the 

data and also handle the smooth transitions from using the old data sources to the new one.  

(Smith & McKeen, 2008) These viewpoints are mainly covered by the process and 

infrastructure design areas in Gartner’s model (Moran et al., 2018).  

 

Some of these prerequisites are also backed up by a research made by Silvola et al. (2011), 

where they studied the preconditions for implementing master data management by 

interviewing organizations that had already established MDM functions. Their results 

corroborate that sound governance is essential, as they state that clear definitions for roles 

and responsibilities and data ownership are necessary for successful MDM implementation. 

In addition, they found that well defined data model, well working data quality surveillance, 

support from managerial level, organizational structure that supports the data processes and 

culture that fosters data as an asset are preconditions for a well-functioning MDM program.  

 

2.3.2 MDM implementation in practice 

Vilminko-Heikkinen and Pekkola (2013) studied in their research how MDM is established 

in practice. They conveyed an ethnographic study, where they followed an on-going MDM 

implementation in a public sector organization. Based on the results of their study and prior 

research, they developed a ten-step model for MDM implementation. The steps are presented 

in Figure 8. Some of the steps were seen to be prerequisites for others, while some occurred 

concurrently. 

 

First step in establishing an MDM function is the identification of the need for MDM. This 

is done by collecting input from business to understand how MDM can support the business 

processes. In second step, the organization’s core data and the processes that use it are 

identified. This included setting the criteria for what is considered to be master data. Third 

step is about defining the governance. It includes defining the roles and responsibilities and 

ownerships related to MDM. Next, on the fourth step, processes needed to maintain and 

administrate master data are defined. In addition, the operational models, such as service 

level agreements, are agreed upon between the responsible units. Fifth step is about defining 

the master data model in detail, including the setting of data definitions and formats. On the 

sixth step the metrics for data quality are developed. Seventh step considers the interplay of 
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organizational and technical aspects by considering the processes and information systems 

included in the overall architecture of MDM. Eighth step covers the planning of training and 

communication with all stakeholders to guarantee that the stakeholders are informed about 

the targets of the program and have a unified understanding of master data. Step nine covers 

developing a long-term MDM roadmap that is used to prioritize further development. Final 

tenth step is about defining the functional and operational characteristics of the MDM 

applications.  (Vilminko-Heikkinen & Pekkola, 2013) 

 

 

Figure 8 Stepwise model for MDM implementation (adapted from Vilminko-Heikkinen & 

Pekkola, 2013). 

 

2.3.3 Recognized challenges in MDM implementation 

As MDM is a complex effort, organizations can face various challenges during the 

implementation and adoption of it. Loshin  (2008, pp. 16-17) states that main challenges in 

MDM implementation are organizational, rather than technical. Vilminko-Heikkinen and 

Pekkola  (2017) studied MDM implementation in public sector especially from 

organizational aspect and they recognized in total 15 different challenges that affect 

successful implementation. Eight of the challenges were MDM specific, while others were 

more general issues which are faced also in other IT and business development initiatives.   

 

The recognized MDM specific challenges were largely related to governance, ownership and 

roles and responsibilities. Also, unclarities in common understanding of what data is 
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considered to be master data, and what are the definitions for different data elements caused 

issues. In addition, lack of high-level coordination of the program together with missing 

common understanding of what is considered to be MDM created issues in the 

implementation. (Vilminko-Heikkinen & Pekkola, 2017) These recognized challenges 

underline the importance of the different elements of MDM. If sound governance framework 

is not in place, the roles and responsibilities will cause issues. Similarly, if the data model is 

not properly designed, data definitions will not be clear.  

 

2.4 Evaluation of MDM maturity 

Maturity models are tools that help in defining the current status of an organization’s 

capabilities related to a specific topic (Spruit & Pietzka, 2015). When the current state of 

MDM is assessed together with the objectives of the organization, an implementation road 

map can be developed (Loshin, 2008, p. 19). Maturity model can also be used to follow up 

how the implementation of MDM progresses in the organization (Allen & Cervo, 2015, p. 

69). The maturity of different capabilities is defined using a scale, which typically starts 

either at a level of non-existent or initial and ends up to highest level such as optimized or 

strategic performance (Loshin, 2008, pp. 56, 62; Spruit & Pietzka, 2015). The maturity levels 

may reflect either behavioral or functional approach. Maturity levels in behavioral scales are 

typically such as unaware, undisciplined, reactive, disciplined, proactive and advanced. 

Levels in functional scales are such as unstructured, structured, managed, repeatable and 

optimized. (Allen & Cervo, 2015, p. 69) 

 

Loshin (Loshin, 2008, p. 56) has presented an MDM maturity model, which can be used to 

roughly assess where the organization stands with the different components of MDM. His 

maturity model contains five maturity levels against which each MDM component is to be 

evaluated. The first level is initial, which reflects that the capability is rather missing, than 

fulfilling the criteria for higher levels. At initial level, the organization recognizes that it has 

issues for example with duplicate data, but it does not have real activities to solve the issues. 

Second level is reactive, where in addition to recognition of the issues, some actions are also 

taken. Some consolidation of data for analytical applications may exist. On the third, 

managed level, the organization starts to have a more holistic approach to their master data. 
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Core data models exist, policies and procedures for data management have been set and data 

quality is being monitored. On the fourth, proactive level, enterprise-wide data governance 

discipline has been established and master data is managed as a core enterprise resource, 

which is supplied to all relevant applications. On the highest fifth level, which is called 

strategic performance, MDM is coupled with service-oriented architecture, which enables 

rapid development of new applications. (Loshin, 2008, pp. 56-63) 

 

Allen and Cervo (Allen & Cervo, 2015, pp. 69-77) discuss maturity models in relation to 

multi-domain MDM. They do not present a definite scale for assessing maturity, but state 

that functional scale is preferred over behavioral, as the behavioral approach does not 

provide a comprehensive approach for MDM programs. Reasoning for preferring functional 

scales over behavioral, is that regardless of the maturity of the program, unpredictable 

situations will occur, leading to reactive behavior even in highly mature environments. They 

present that the maturity of key disciplines of MDM, which according to them are data 

governance, data stewardship, data integration, data quality and metadata management 

should be monitored domain by domain. This way it is easier to recognize and follow up, 

which milestones have been achieved in which domain, and where improvement is still 

needed.  

 

Spruit and Pietzka (2015) have taken a more scientific approach to MDM maturity models. 

In their research, they developed a maturity model, which can be used to benchmark the 

MDM maturity of different organizations against each other. To enable generic applicability 

of the model for many companies, they have taken a topic-oriented approach. Their 

reasoning is that if the model would focus on processes instead of topics, it would not be 

generic enough. They state that the topics can be related to suitable processes in each 

organization. Their maturity model covers five key topics that they consider to be central for 

MDM. Each topic is further divided into up to four focus areas.  

 

The first topic is data model. It covers focus areas of definition of master data, master data 

model and data landscape. The aim of these focus areas is to find out on what level 

organization’s understanding and definition of master data is, how structured the master data 

is and how consolidated the data landscape is. Second key topic is data quality, which covers 

four focus areas. These are assessment of data quality, impact on business, awareness of 
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quality gaps and improvement. The purpose of these focus areas is to present an overall 

picture of the state of organization’s approach to data quality. These areas aim to find out 

how the organization assesses its data quality, how well the organization recognizes the 

impact of poor-quality data on business, does the organization know where the quality gaps 

are and what are the root causes for them, and does the organization know how to improve 

its data. Third topic is usage and ownership, which covers focus areas of data usage, data 

ownership and data access. The aim of this topic is to evaluate how well the company 

manages the data users and how defined the data ownership in the organization is. Fourth 

topic is data protection which is also the sole focus area under this topic. The aim of this 

topic is to assess how well the data is secured. Fifth and last topic is maintenance, which 

covers focus areas of storage and data life cycle. These are used to evaluate how data is 

stored and managed over its life cycle. (Spruit & Pietzka, 2015) 

 

The maturity scale that Spruit and Pietzka (2015) use is functional. Similar to Loshin’s  

(Loshin, 2008, p. 56) scale, the first level is initial representing a state where organization 

has acknowledged that issues exist, but only initial plans have been created to investigate 

and handle them. Second level is called repeatable, and it represents a state where isolated 

measures to tackle individual issues are performed by single units or employees. However, 

there is no connection or oversight between the actions. Third level is called organized, 

where the actors begin to be aware of issues also in other units and the activities to tackle 

them start to be aligned. Fourth level, managed and measurable, defines that best practices 

for handling MDM are used, and common frameworks and processes are implemented. The 

highest, fifth level is called optimized, on which all the processes related to MDM are 

optimized beyond best practices and they are constantly monitored to be adapted to changes 

occurring in the environment. (Spruit & Pietzka, 2015)  

 

2.5 Cross-domain support in MDM implementation 

This subsection synthesizes the presented theoretical background into a framework to enable 

evaluation of cross-domain support of the different MDM elements. The aim is to evaluate 

how an existing MDM element in one domain could support the expansion of MDM to a 

new domain.  
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In previous literature, MDM has been described to be a collection of best practices. Various 

MDM models exist, each of which presents their own view on what elements are connected 

to MDM. In this thesis, building on existing literature, MDM is considered to consist of four 

main elements, which are data governance, data quality, data model and data life cycle. 

These are presented in Figure 9. The relation of these elements to the existing MDM models 

was presented in subsection 2.2.5.  

 

 

Figure 9 Four elements of MDM 

 

These elements cover the core themes that MDM is presented to be in literature. They are 

also recognized to be important for successful MDM implementation. Firstly, functioning 

data governance is stated to be a corner stone and prerequisite for successful implementation 

(Allen & Cervo, 2015, p. 11; Loshin, 2008, p. 68). Lack of well-defined data governance 

leads to unclarities in data ownership and other roles and responsibilities, which are 

highlighted as recognized challenges (Silvola et al., 2011; Vilminko-Heikkinen & Pekkola, 

2017). Acknowledgement of the importance of data quality, measuring it and tying it to 

higher level metrics ensure buy-in from participants as well as management  (Moran et al., 

2018; Spruit & Pietzka, 2015). Recognized related challenges are missing data quality 

practices and the lack of management support (Silvola et al., 2011; Vilminko-Heikkinen & 

Pekkola, 2017). A well-defined data model works as a base line for the MDM initiative. If 

the data model is not properly defined and communicated, organization does not have unified 

terms and concepts for the data, which also leads to issues with integrating the applications 

(Silvola et al., 2011; Vilminko-Heikkinen & Pekkola, 2017). Last element is data life cycle, 

which covers the processes with which the master data is created or acquired, further 

processed and finally purged. These activities must be carefully designed and executed to 
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achieve the intended benefits of the MDM initiative  (Moran et al., 2018). Poorly defined 

processes over the data life cycle have been acknowledged as a challenge for MDM  (Silvola 

et al., 2011). 

 

To evaluate the support of each MDM element between the existing and new data domain, 

a framework consisting of two dimensions is developed. First dimension is the type of 

support the element provides between the existing and new data domain. Three types are 

proposed: direct, indirect and non-existent. The type of support an element can provide 

across domains is considered to be dependent on whether the element is seen to be generic 

or domain specific (Allen & Cervo, 2015, pp. 6-7). As an example, Allen and Cervo  (2015, 

p. 6) present that data governance is typically a generic element, as it is designed to cover 

all master data elements in a company. In this framework, a generic element provides direct 

type of support to the other domain. If an element is considered to be domain specific, but 

the related knowledge, experiences, tools or processes existing in the organization are seen 

to beneficial for the other domain, the element provides indirect type of support. Example of 

this kind of element could be data quality, as the exact activities are likely domain specific, 

yet the general disciplines and tools of it may be reusable across the domains  (Allen & 

Cervo, 2015, p. 7). As the last type of support, an element provides no support, when even 

the knowledge and experiences gained on the element cannot be reapplied in the other 

domain. 

 

Second dimension of the framework is maturity of the MDM element in the existing data 

domain. This is considered to describe the level of support an existing element can provide 

to new domain. It is stated that with increasing maturity, the company becomes more able to 

reuse existing knowledge, processes and tools in new domains  (Allen & Cervo, 2015, p. 

15).  The maturity scale used in this model follows functional scale presented by Spruit and 

Pietzka  (2015). The levels on this scale are initial, repeatable, organized, managed and 

measured, and optimized. This scale is selected, as functional scale is preferred over 

behavioral in assessing MDM maturity  (Allen & Cervo, 2015, p. 70). 

 

By combining these two dimensions, a framework is created to evaluate the support of each 

existing MDM element for the new data domain. The framework is a matrix consisting of 

four quadrants (Figure 10). At the lower left corner, where the type of support is non-existent 
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or at best indirect and maturity is low, the existing MDM element is considered to provide 

low support. At lower right corner, where the maturity is still low, but the type of support is 

indirect or direct, the support is considered to have high potential. This means that the 

existing MDM element does not currently provide much support to the new data domain, 

but if the maturity of this element would be increased, it would benefit both data domains. 

At the upper left corner, where maturity is high, but the type of support is between non-

existent and indirect, the support is considered to be exemplary. This means that the existing 

MDM element cannot be reused for the new data domain, but as it is of high maturity it can 

act as an example and inspiration for the new domain. Lastly, at the upper right corner, where 

maturity is high and the type of support is from indirect to direct, the MDM element is 

considered to provide high support. In these cases, the existing element can be readily 

applied also in the new data domain. 

 

 

Figure 10 Framework for evaluating cross-domain support of MDM elements 

 
By assessing the level of maturity and the type of support for each MDM element, it is 

possible to map which existing MDM elements can be directly reused and which need to be 

defined and developed at worst from scratch for the new data domain. 
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3 Methodology 

It is important that the methodology of the study is in line with the research problem, context 

of the study and targets of it. Research problem dictates what kind of data collection and 

analysis methods are suitable for performing the study. (Kananen, 2008, pp. 28, 56) 

 

This study was performed as a qualitative cross-sectional case study research. Qualitative 

methodology was chosen, as it is stated to be suitable for studies that aim to describe and 

understand the phenomenon in question. Also, qualitative approach is preferred over 

quantitative in cases where there is not enough existing knowledge about the phenomenon. 

(Kananen, 2008, pp. 30-32) Case study method was chosen, as it is a suitable empirical 

method to study contemporary phenomenon in their real-world context, especially when the 

boundaries of context and phenomenon are not clear (Yin, 2018, p. 15). The phenomenon 

studied in this thesis is considered to be context dependent. Allen and Cervo (2015, pp. 6-7) 

have stated that cross-domain support for the various MDM functions is dependent on the 

organization and domains in question.  

 

Case studies can be performed as cross-sectional or longitudinal. Cross-sectional research is 

used to study a phenomenon at a certain restricted moment in time. Longitudinal research 

on the other hand, can be used to study evolution or change that occurs over time (Hirsjärvi, 

Remes, & Sajavaara, 2013, p. 178). For this thesis, cross-sectional approach was chosen, as 

the aim is to understand current state of the phenomenon. Also, longitudinal approach would 

have required longer time period for data collection, which was not available in the scope of 

this thesis.  

 

Case studies can also be performed using single- or multiple-case designs. In single-case 

designs, data is collected and analyzed from one single case, such as one organization. The 

rationale for performing single-case study can be that the case is critical, unusual, revelatory 

or common. (Yin, 2018, pp. 49) The case in this study is considered to be a common case, 

as common cases are stated to represent normal occurrences of the studied phenomenon 

(Yin, 2018, p. 50). In multiple-case design, the same research is replicated over multiple 

similar cases, which is stated to yield stronger evidence for common cases than single-case 

designs (Yin, 2018, p. 54). As such, multiple case study could have been used to yield more 
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compelling evidence, but due to limited time and resources, single case approach was 

selected.  

 

Scientific research has to be objective (Kananen, 2008, p. 121). However, as the research is 

done by an active researcher, the research is susceptible to researcher bias. This bias means 

that the data collection and analysis are affected by the researcher’s preconceptions, values 

and beliefs. In practice, it is not possible to eliminate these background factors, but it is 

necessary to recognize that they exist and understand how they affect the study. (Maxwell, 

2009, p. 243) At the time of writing the thesis, the author had been employed by the case 

organization for multiple years. This provided the author with broad background knowledge 

about the case organization. 

 

Another factor in qualitative studies that may cause distortion to the results is reactivity. It 

means that the researcher has an effect on the studied subjects. The selected data collection 

method affects the degree of reactivity. For example, in observation studies the participant’s 

behavior may be only slightly affected by the observation. In interviews however, the 

interviewer has a strong influence on the collected data. The replies from the participants are 

always affected by the interviewer. (Maxwell, 2009, p. 243) Some practices, such as 

avoiding leading questions, should be followed to limit the steering effect of the interviewer 

(Kananen, 2008, p. 122). However, it is stated to be an impossible goal to try to minimize 

the effect of the interviewer (Maxwell, 2009, p. 243).  

 

Validity and reliability are used to evaluate the trustworthiness of the research (Kananen, 

2008, p. 123). Validity means the ability of the research to correctly measure, what it was 

meant to measure (Hirsjärvi et al., 2013, p. 231). It considers the trustworthiness and 

accuracy of the descriptions, conclusions, explanations and interpretations in the research 

(Saaranen-Kauppinen & Puusniekka, 2006). Validity can be further divided to external and 

internal validity. External validity means whether the results of the study are generalizable 

or transferrable, and internal validity whether the interpretations and concepts are free of 

errors. (Kananen, 2008, p. 123) Internal validity of the study can be increased by using 

respondent validation (Kananen, 2008, pp. 125-126). In respondent validation, feedback 

about the data and conclusions are sought from the people under study. This reduces the 

possibility of misinterpreting meanings and perspectives and helps in recognizing researcher 
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bias and possible misunderstandings. In addition, use of rich data, which in interview studies 

can be acquired using verbatim transcriptions instead of notes, supports validity of the study. 

(Maxwell, 2009, p. 244)  

 

Reliability refers to the repeatability of the research, meaning that if another researcher later 

on followed the same procedures described by the original researcher and conducted the 

same study again, would they arrive to same conclusions as the original research did (Yin, 

2018, p. 46). Reliability of qualitative studies is increased by detailed documentation of how 

the study was performed. This includes, for example, detailed descriptions of where and how 

the data was collected and how categorizations were generated in the analysis. To increase 

transparency and to allow others to evaluate how the researcher has interpreted the data, 

presentation of illustrative direct quotes from the interviews is recommended. (Hirsjärvi et 

al., 2013, p. 232-233) In this thesis the author has aimed to portray a detailed description of 

the study and related decisions to allow readers to evaluate the choices and interpretations 

made by the author. The description also aims to be detailed enough to allow others to 

replicate the study. 

 

The sufficiency of data is also a quality factor in qualitative studies (Kananen, 2008, p. 124). 

The amount of data in a qualitative study is considered to be sufficient when the data is 

saturated. This means, for example, in case of interviews that bringing in further informants 

does not any more introduce new data, but rather the data has already started to repeat itself. 

Optimally, the number of informants is not decided beforehand, but rather the interviews are 

finalized once saturation is reached. However, this is not possible in all cases, as the number 

of suitable informants may be limited. (Hirsjärvi et al., 2013, pp. 181-182) 

 

Following subsections describe how the empirical study was performed. First, a description 

of the case organization is presented together with a rationale for selecting this particular 

organization. Second the data collection is presented including the description of informants 

and criteria for their selection. Third the process for data analysis is described.  
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3.1 Description of case organization 

The case organization in this thesis is a multinational company operating in raw material 

manufacturing industry. Its main operations are in the Nordics, but it has global presence 

with sales and stock network covering the globe. In 2020, the company employed 14 000 

people working in 50 countries.  

 

The company has grown over the decades through mergers and acquisitions, without a strict 

ambition to harmonize the information systems landscape. As each of the merged companies 

have had long histories, large scale harmonizing of the operations and information systems 

has been deemed to be overly complex and expensive compared to the benefits. As a result, 

the company has a very fractioned and siloed information system landscape with each 

production site using their own legacy enterprise resource planning (ERP) systems.  

 

After a major merger in 2014, the company saw that it must have a better grip over their 

business partner master data. In the case organization business partner master data covers 

customers and suppliers. Core motivation for improving the management of business partner 

master data was to enable transparent visibility to the customer base of the newly founded 

merged company. MDM was selected to be the solution for solving the issues with business 

partner data. The selected approach was to set up a persistent style MDM, where all business 

partner data was created and maintained in a central system and distributed from there to 

local ERPs. Today the business partner MDM solution distributes master data to over 40 

ERPs, data warehouses and other information systems within the company. 

 

Business partner data is still today the only data domain within the company, in which an 

enterprise-wide MDM solution exists. During the 2014 merger, the company pondered 

whether it needs an enterprise-wide solution for managing product data, but the decision at 

the time was that product data will remain to be managed locally by the manufacturing sites 

and stocks. The company recognized already at that time that a centrally managed global 

product master data solution would bring benefits. However, building such solution was seen 

to be too laborious and expensive for the recognized benefits.  

 

Today, along with the global megatrends, the company is moving forward with various 
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digitalization initiatives, including ecommerce and production digitalization. These 

initiatives are creating new, more demanding requirements for product data, and the 

company is facing a need to change the way they manage this asset. The core requirement is 

that it should be possible to recognize which products at the various manufacturing sites and 

stocks are the same and which are different. Namely, the company needs a single truth for 

its products. This could be achieved by harmonizing the company to utilize only one ERP 

system, but as in reality the company today is operated by a vast number of legacy ERPs, 

this would likely be an overwhelming and overly expensive task. Another option is to set up 

a master data management solution for product data. The company has not decided that it 

will start implementing master data management for product data, but it is considering it as 

an option. 

 

It has been stated in literature, that MDM is typically implemented by starting small with 

one simpler domain, such as the customer (Allen & Cervo, 2015, p. 25), and once the 

company has gained better understanding about MDM and how it can support their business, 

further domains are considered to be included (Smith & McKeen, 2008). The case company 

follows closely this pattern, as they have started MDM with business partner domain, 

including the customers, and now with some years of experience, are considering expanding 

to another domain. Therefore, the case company is considered to represent a common 

occurrence of the studied phenomenon, and thus be a well-suited subject for this study.  

 

3.2 Data collection  

The empirical data for this thesis was collected using individual interviews. Interview is a 

flexible data collection method that is typically used in qualitative studies and which allows 

the researcher to adjust according to the informants and inquire further clarification and 

deeper insights when necessary (Hirsjärvi et al., 2013, pp. 204-205). Semi-structured 

interview format was selected as it is suitable to be used when the theme of the study is 

known, but the exact phrasing and order of the questions are not important for the outcome 

(Hirsjärvi et al., 2013, pp. 205). 

 

In qualitative studies, it is important to find suitable informants that have relevant 
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characteristics and knowledge related to the studied phenomenon  (Kananen, 2008, pp. 34, 

37).  As the purpose of the interviews was to gather information about the maturity of the 

current business partner MDM, and about how the existing business partner MDM could 

support the potential implementation of the product data MDM, it was important to find 

informants that would have broad enough understanding of MDM, business partner data and 

product data in the context of the case company. This kind of knowledge is very specific, 

and even in a large company, it appeared that there are only a limited number of people who 

possess relevant knowledge.  

 

The informants were gathered using a snowballing method, in which informants propose 

further suitable informants. This method may lead to some bias, as the informants may have 

preferences over whom to refer as informants. (Kananen, 2008, p. 38) The author had an 

inside view in to the roles and responsibilities within the company and estimated that risk 

for this bias in this case was low. 

 

In practice, the informants were gathered as follows. The author started the selection of 

informants by calling the person responsible for the current business partner master data 

solution at the case company (Informant 1). The author explained the purpose and scope of 

the study to this person, agreed that this person will be one of the informants and acquired 

names of three further potential informants. The author individually contacted each of the 

three newly acquired potential informants to give a briefing about the purpose and scope of 

the study, to agree whether they would be available for an interview and to inquire for 

potential further informants. Each of the three (Informants 2-4) agreed to be available for 

interview. Informants 2 and 3 both proposed one further person to be included. The author 

contacted this fifth person (Informant 5), and again explained the purpose and scope of the 

study, agreed that the person is willing to be an informant and inquired for further possible 

informants. At this stage, no further candidates were brought up. Thus, the total number of 

informants was five. This was recognized as a possible threat to the validity of the study, as 

saturation might not be achieved. The informants represented departments covering master 

data management, enterprise architecture, business intelligence and IT. The informants had 

worked at the case company from three to 35 years, averaging to 20 years.  

 

The author booked one-hour long Teams-meetings individually with each of the informants. 
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Together with the invitation, a brief description of the scope and purpose of the study was 

provided. As MDM and the related themes of the interviews do not have single clear-cut 

definitions even in the academic literature, short descriptions of the topics related to the 

MDM elements in the context of this thesis were also presented. These descriptions are 

presented in Table 2.  

 

Table 2 Short descriptions of related topics for MDM elements in the interviews. 

MDM element Related topics 

Data governance 
 Roles and responsibilities 

 Policies for data management 

Data model 

 Definition of master data 

 Master data model 

 Management of metadata 

Data quality 

 Defined quality criteria 

 KPIs for data quality 

 Higher level metrics connected to strategic business targets 

Data life cycle 
 Processes for master data management 

 Definitions for roles of systems 

 

The author prepared questions for the interviews beforehand to be used as a guideline and to 

guarantee that all desired aspects were touched upon in the interviews. The questions are 

presented in Appendix A. The questions were prepared so that the interviews would cover 

all four elements related to MDM, that is, data governance, data model, data quality and data 

life cycle, and that for each of the elements input would be obtained to evaluate firstly the 

current maturity level of business partner MDM and secondly the type of support the existing 

business partner MDM could provide for the potential implementation of product data 

MDM. Figure 11 presents the four elements of MDM and the two aspects touched upon in 

the interviews. The questions were not presented to the informants in written format, but 

rather used by the author to keep the interviews within the intended scope.  
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Figure 11 Four elements of MDM and the two aspects used in the interviews. 

 

Each interview was started by asking general questions about the current role and 

responsibilities of the informant, their work history and their relation to MDM, business 

partner master data and product data in the company. These were asked in order to attain 

understanding of the background of the informants. During the interviews, the author 

presented the graph shown in Figure 11 to the informants in order to scope and pace the 

discussion. Some of the interviews progressed neatly theme by theme and aspect by aspect, 

while others jumped back and forth between them. The author did not pose all of the prepared 

questions in all the interviews, but rather used them based on the flow of interview. In cases 

where some aspect of an element had been left uncovered, or some further insights were 

necessary, the author prodded further with more detailed questions.  

 

During the interviews, the author also described what topics are seen to be related to each 

element in the context of this thesis. These descriptions were aligned with the information 

sent to the informants earlier with the invitations (Table 2). The informants were asked if 

they agreed with the descriptions of the MDM elements or if they saw them differently. This 

was done in order to align the understanding of the author with the informants, and in order 

for it to be evident what topics and scope the informants were commenting about at each 

stage of the interviews. In cases where it was unclear what the comments were about, the 

author posed clarifying questions.  

 

The interviews were performed during a two-week period in April 2021. All the interviews 
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were recorded with the consent of the informants. The durations of the interviews are 

presented in Table 3. On average the interviews lasted 50 minutes. The first interview was 

the longest, lasting one hour and 21 minutes, and the last shortest, lasting 27 minutes. The 

first interview was longer, as also the history of business partner MDM at the case company 

was discussed about during it. The last interview was shorter, as the informant had a double 

booking, and only 30 minutes available for the interview. Due to the limited time, data life 

cycle topic was not covered during the fifth interview.  

 

Table 3 Durations of interviews 

Interview with Duration 

Informant 1 81 min 

Informant 2 47 min 

Informant 3 48 min 

Informant 4 50 min 

Informant 5 27 min 

 

Even as the number of informants was limited to five, saturation of data was considered to 

be reached, as on most of the topics, the views of the informants were largely aligned. 

 

3.3 Data analysis 

The selected analysis method must be suitable for the research problem and the selected data 

collection method (Kananen, 2008, p. 56). Research can be performed using inductive, 

deductive or abductive approach. Inductive approach focuses on observations without the 

use of prior theory, whereas deductive approach utilizes and typically tests an existing model 

or theory in a new context. (Kananen, 2008, pp 90-91; Saaranen-Kauppinen & Puusniekka, 

2006). This research was performed using an abductive approach. Abductive approach is a 

combination of inductive and deductive approaches, where the analysis is not strictly based 

on existing theory, but clear connections to it exist. In abductive research, existing theory is 

not tested, but it is used to provide support or explanations to findings from the empirical 

data. (Kananen, 2008, pp 90-91; Saaranen-Kauppinen & Puusniekka, 2006)  
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Qualitative content analysis was selected as the analysis method for this study. Qualitative 

content analysis concentrates on what topics and themes the data contains. It is started by 

coding the data with categories that either arise from the observations or are predefined based 

on a framework or theory. After coding, the analysis itself is performed where the data is 

structured in compact and clear format so that no information is lost. The researcher moves 

from the concrete observations towards more abstract concepts to end up in interpretations 

that describe the underlying phenomenon. Target is to arrive at a clear description of the 

phenomenon.  (Saaranen-Kauppinen & Puusniekka, 2006) In this study the categorizations 

were predefined based on the four MDM elements and the dimensions of the theoretical 

framework. 

 

The schematic pattern for how the data analysis progressed is illustrated in Figure 12. The 

pattern is illustrated as linear process, but in practice it progressed iteratively in a spiral 

manner. The data analysis was started by transcribing the interviews. Transcribing the data 

enables the researcher to manage and analyze the data more easily (Saaranen-Kauppinen & 

Puusniekka, 2006). The transcriptions were manually written in clean verbatim format by 

the author within two days of each interview. The level of detail in transcriptions should be 

in line with the chosen analysis methods  (Saaranen-Kauppinen & Puusniekka, 2006). Clean 

verbatim level was considered to be suitable for this thesis, as it contains enough details from 

the interviews for the purpose of qualitative content analysis, without being overly 

descriptive, as full verbatim would have been. The writing of the transcriptions soon after 

the interviews allowed the author to start familiarizing with the data already while the 

interviews were on-going. After transcribing all the interviews, the author further 

familiarized himself with the contents of the interviews by reading through the transcripts 

again. 
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Figure 12 Schematic pattern of the data analysis. 

 

After this, the data was first coded using the four MDM elements as predefined categories, 

which were, data governance, data model, data quality and data life cycle. The coding was 

done in practice with Microsoft Word by highlighting segments relating to the elements with 

specific colors. A fifth category was also used to highlight topics that were outside the four 

predefined ones, but which were recurring in more than one interviews. The coded segments 

from the different interviews were then combined into separate Word files per category. 

After this, the data for each category was further coded according to the two dimensions of 

maturity and type of support defined in the theoretical framework. The replies from the 

different informants on each category and framework dimension were reviewed and 

similarities and differing viewpoints were noted. Also, some segments were moved to 

another category in case where the other category was considered to be more suitable. Based 

on these, the maturity for the existing business partner MDM was evaluated, and the type of 

support each MDM element could provide estimated. Following section presents the results 

and the justifications for interpretation of each element and dimension.  
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4 Results 

This section presents the results of the empirical study. The results are presented in the 

following subsections according to the four MDM elements, which are data governance, data 

model, data quality and data life cycle. Each subsection follows the structure of the 

theoretical framework for evaluating cross-domain support of MDM. This means that the 

results are presented firstly from the perspective of the maturity of the current business 

partner MDM at the case company. And secondly from the perspective of what type of 

support the current business partner MDM is seen to provide for the implementation of 

product data MDM. The results are also reflected against existing literature and direct quotes 

from the interviews are presented to illustrate the actual responses of the informants. At the 

end of the section the results are summarized using the framework for evaluating cross-

domain support of MDM. 

 

4.1 Data governance  

In the context of this thesis, data governance was presented to cover topics related to roles 

and responsibilities and policies on MDM. Informants largely agreed with this definition, 

but also expressed that data quality topics are highly related to data governance. The results 

related to data quality are presented in later subsection focusing on data quality.  

 

For the existing business partner MDM, the company has defined roles and responsibilities 

on a high level. The defined roles do not strictly follow the textbook examples of data 

council, owners and stewards  (Otto, 2011), but basically cover the same responsibilities that 

are seen to be relevant for MDM. Main roles related to the business partner MDM were 

described to be owners and maintainers. In addition, a sponsor had been defined. It was 

stated that the past implementation project would not have been possible without support 

from business function and an explicit sponsor. This is aligned with the views from literature 

that business sponsorship is essential for a successful implementation (Weber et al., 2009). 

 

Global owners were defined for customer and supplier domains separately. They were 

described to be responsible for defining policies for their respective data domains. It 
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appeared that finding suitable owners had not always been easy. For customer domain, it had 

been recognized that sales function would be the most suitable owner. However, the 

organization had been set up in such a manner that it had been hard to find a suitable resource 

to act as the owner for customer data. This had been solved along the way by setting up a 

customer interaction steering group that consisted of sales representatives from multiple 

divisions, and that group was appointed to be the owner for customer data. For supplier 

domain, it had been easier to appoint a global owner. However, in practice the owner had 

not taken an active part in that role, and in the end the ownership had been only on paper. 

Later, the ownership for supplier data had shifted to be on the MDM solution architect, who 

in practice proposed necessary changes in policies, and a global procurement steering group 

acted as approver for these proposals. These examples reflect the notions from literature that 

the company has to have proper roles in place to make the data governance policies 

actionable  (Loshin, 2008, p. 77). 

 

One practical problem in finding motivated owners for master data was that the business 

functions did not really appear to care about the quality of master data. Business appeared to 

be satisfied with status quo as long as things worked from their perspective. This was clearly 

illustrated by the following quote: 

 

“Sales are not at all interested about the quality of customer master data. What they 

are interested about is that they can get their orders in.“ (I1) 

 

In practice the way of working appeared to be such that business owners were responsible 

for bringing up needs in business terms and the MDM solution architect, together with MDM 

development team then translated these business requirements into definitions and rules in 

technical terms. Thus, it appeared that business owners did not set the policies per se, but 

rather defined the outlines.  

 

The company did not have explicitly defined data steward roles, but they had roles for local 

and global data maintainers. These maintainers were responsible for new data entries and 

maintaining the data content. Global maintainers maintained the data in the global MDM 

solution, which distributed the data to local ERPs and other information systems. Local 

maintainers were responsible for managing data in the local systems, for such data elements 
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which were not possible or feasible to be globally maintained. In literature the data stewards 

are stated to be responsible for, for example, data definitions and formats  (Weber et al., 

2009). In practice, at the case company, these responsibilities appeared to reside more on the 

MDM solution architect and the development team.  

 

The company did not have a specific data council that would have been responsible for 

solving conflicts, but it appeared that for business partner data, such a council was not really 

needed. Most data related to business partners was seen to be straightforward and possible 

to be unambiguously defined based on external sources. For example, addresses and names 

related to business partners were seen to be data that do not leave much room for internal 

politics, as the following quote exemplifies: 

 

“Large part of the business partner master data is universal, such as address details. 

Like, as an example, you live where you live, and that’s it. Nobody wants to question 

that.” (I5) 

 

Improvements for data governance were stated to be taken up when the needs were seen to 

arise. The company had had continuous meetings between business owners and MDM 

function to discuss development needs, but these had been discontinued, as new topics were 

seldom brought up.  

 

One aspect for data governance maturity is how well the roles and responsibilities are 

described in the company  (Spruit & Pietzka, 2015). It appeared that high level descriptions 

existed, but for example more detailed descriptions about mandates, such as who is allowed 

to request changes for specific type of customer classifications were not explicitly stated.  

 

In relation to data governance, it was also expressed that governance can go wrong and cause 

harm, if it is not properly designed. In cases where responsibilities and mandates are defined 

in such a manner that they cause hindrance to normal processes, workers may decide to 

bypass the policies. As a practical example, one informant described a past situation where 

only sales personnel were allowed to request new customers to be created in the MDM 

system. If it happened that an order arrived at the factory from a customer, which yet did not 

exist in MDM, the correct approach for the order handling personnel would have been to 
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contact salesperson, who then would have requested new MDM entry to be created. In 

practice however, this extra loop might have in worst cases taken days, which meant that the 

local order handling person failed to meet their own service level requirements for entering 

the orders. This led to cases, where the order handling would enter the orders within the 

required schedule, but with faulty customer details. Then, later, when the new customer had 

been created into the system, they corrected the order to be for the correct customer.  

 

Based on the input from interviews and following the maturity levels defined by Spruit and 

Pietzka  (2015), the data governance for business partner MDM is evaluated to be on the 

fourth, managed and measurable level. Justification for this is that the organization has 

created and implemented enterprise-wide frameworks and processes for managing data 

governance. However, as the roles and responsibilities are not described as well as they could 

be and some opportunities for improvement still appear to exist, current maturity is not seen 

to reach the highest, optimized level. 

 

All the informants considered that the data governance framework existing for the current 

business partner MDM could at least on high level also support the implementation of 

product data MDM. It was recognized that also the product data MDM will require similar 

roles including the sponsor, owner and local and global stewards or maintainers. However, 

when going into details it was recognized that product master data likely has specific 

characteristics that differ from business partner master data, and which cause different needs 

regarding the data governance. 

 

It was stated by all the informants that business partner master data is simple in comparison 

to product master data. As one informant put it: 

  

“If you look at customer and product data domains, you could put a multiplier of 10 

between them. The degree of difficulty and need for management increases ten-fold 

when you move from customer data to product data.” (I2) 

 

One core difference also affecting data governance was related to that business partners are 

external entities that exist regardless of the case company. Most of the data related to 

business partners can be treated as facts, which can be verified from external sources. The 
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business partners have for example VAT codes, that uniquely define the companies. They 

also have names and addresses that leave little room for debates. Products on the other hand, 

especially in the case of raw material manufacturing, are something that do not exist on their 

own and are very dependent on the company producing them.  

 

As the case company has not had any central maintenance for product data earlier, but all 

products have been created and maintained locally, each production site has their own way 

of describing the products. For this reason, product data was seen to be much more prone for 

issues related to internal politics than customer data has been. Therefore, mechanisms and 

forums for conflict resolution were seen much more important for the governance of product 

data, than they have been for business partner master data.  

 

Another difference pointed out was that product data will likely require much more local 

maintenance support than business partner master data does. This again, is related to the fact 

that products are produced locally at the factories, and due to history, the local ERP systems 

have different requirements for the product data. From data governance and policy 

perspective this means that the global owner would have limited mandate and the 

collaboration between the global and local levels becomes more important. 

 

In literature, data governance is presented as a framework that should exist in companies 

regardless of MDM, and that should encompass the whole enterprise  (Abraham et al., 2019). 

From this perspective literature also presents that in relation to MDM, existing data 

governance framework likely provides support for expansion of MDM to new data domains 

(Allen & Cervo, 2015, p. 6). The case company did not have enterprise-wide data governance 

framework in place, but rather it had set up one to support specifically the business partner 

MDM.  

 

Based on the interviews, the data governance for the existing business partner MDM can be 

considered to provide direct support for the product data MDM in that similar roles and 

structures will be needed and the company has gained first-hand experience for setting up 

those. However, as product data is more complex and more susceptible to internal politics, 

the responsibilities need to be described in more detail than for business partner MDM, and 

special attention has to be put into defining conflict resolution mechanisms. Therefore, the 
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type of support for data governance between the domains is evaluated to fall between indirect 

and direct support. Using the framework for evaluating cross-domain support of MDM, the 

data governance element thus lands into ‘high support’ quadrant. 

 

4.2 Data model 

The data model element covered topics related to defining what data is master data, how 

master data is modelled, and how metadata is managed. The informants recognized the 

importance of defining master data elements as well as having a well-functioning master 

data model in place. Metadata was recognized, but the need and importance of it was not 

considered to be very important. 

 

The company has described its business partner master data elements well. A specification 

document describing the data definitions and suitable contents were stated to exist with 

definitions for which data elements are global and which local. Also, the data model for 

business partner master data was stated to be well defined, although a specification for it was 

not maintained in a separate document. In practice, the latest specification existed in the 

actual master data repository. Generally, the business partner master data model was 

considered to be really well defined, as described by the following quote:  

 

“If we think about the master data model itself, that is 5/5. If we consider other 

things that might need to be included, like metadata, perhaps it’s 4/5 then” (I3) 

 

The business partner master data model was stated to support complex company structures 

and hierarchies between entities. It was described to allow, for example, the creation of links 

between companies to represent subsidiaries and group structures. It has also been designed 

to support the various needs of different ERPs and information systems to which MDM 

distributes the data. 

 

It has been stated in literature that data models are most often needed to be designed for each 

company specifically (Allen & Cervo, 2015, p. 47). Based on the interviews, this did not 

appear to be the case for business partner master data. As business partners are legal entities 
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that exist on their own and have certain explicitly specified attributes, such as name, VAT 

code and address, same kind of data models were considered to support the needs of most 

companies. This had also been noticed in practice within the case company when the 

business partner data models from various ERPs had been compared before the MDM 

implementation.  

 

“Without knowing about each other, all of them had pretty much the same core 

structure. The laws of business partner data forces you to model the data in a certain 

way” (I2) 

 

It was also stated that nowadays there are many commercial vendors who are likely able to 

provide good quality off-the-shelf data models and MDM tools to be used for customer and 

supplier data. This was seen to be possible as most of the customer data is the same for all 

companies.  

 

In general, business partner data was stated to be rather simple. Because the business partners 

are legal entities that exist on their own, they have unique external IDs, such as VAT codes, 

that allow defining what legal entity is in question. In business partner MDM, external ID 

was said to be mapped against the internal global ID and local system specific IDs. Finer 

details, such as different addresses for ship to, sold to and payer roles, were connected to the 

global ID. Also, hierarchies between the entities, such as information about subsidiary 

relationships, were maintained between the global IDs. In business partner MDM, it was 

stated to be enough to know the ID of the entity in one system, to easily find out the global 

ID and from there other related information. 

 

Based on the interviews, the maturity of the business partner master data model is considered 

to on the fourth, management and measurable level. The data model appeared to be well 

defined and used in the whole enterprise. It also appeared to be clear what data elements are 

master data. However, the maturity level is not considered to reach the highest level, as 

metadata appears to be largely left out and the model is not revised periodically. 

 

It was apparent from all interviews that product data was considered to be much more 

complex than business partner data. There appeared to be multiple reasons for this. The 
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informants brought up that product data has many levels and aspects. It was stated that it can 

be viewed from, for example, production, customer or management perspective. For each 

stakeholder, product data means different things and the attributes and level of granularity 

required by them are different, as following quote expresses: 

 

“There are horribly many viewpoints and aspects to product data. -- You can view 

product data from production perspective. Then again, from, for example, reporting 

perspective -- our CEO is not interested in how many decimals we have on our test 

certificate.” (I2) 

 

It was stated that product data could be thought as layered structure and it may be that the 

master data approach is suitable only for the top layers. One informant described that he sees 

the product data as a pyramid, where at the top is the commercial product data, which is used 

in communication with customers and with which orders are received. Below this is then 

product data that is used in production at the factories. The view was that this commercial 

part could likely be modelled into a global master data model. Bringing the production 

related data within the scope of MDM was considered to be very difficult, but also likely 

unnecessary.  

 

Another aspect was that as products, especially at a raw material manufacturing company, 

do not exist without the company, they do not have external unique IDs. Therefore, explicitly 

defining a unique product is more complex than defining a unique business partner. The 

product data at the case company was described to be basically a collection of attributes that 

have been defined at factory level. As the definitions have been made at the factory level 

without common agreements between the factories, each factory had made different types 

of design solutions. This meant that generating a master data model and connecting it to the 

local level data models would require very complex relations between the models. As one 

informant stated:  

 

“One property in one local ERP may translate to three properties at another ERP, and 

vice versa.” (I1) 

 

The informants commented that the existing master data model for business partner master 
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data may provide some general support for the implementation of product master data model. 

Some lessons learnt may be reusable, for example, about understanding what kind of data 

could be considered to be global master data, and what data needs to be left on local level. 

However, it appeared that the existing MDM was not considered to provide much 

transferable knowledge or skills related to, for example, data modelling or database 

management. It was also considered that having traditional data warehouses in place could 

already provide similar learnings. Generally, data model was stated to be a theme in which 

the existing business partner MDM could likely provide the least cross-domain support for 

product data MDM. 

 

As product data was seen to be very company specific and to have many aspects and levels, 

creating a master data model for product data was seen to require much more subject matter 

expertise compared to business partner master data. It was also stated that out of the four 

MDM elements, the data model is likely the trickiest to create and implement.  

 

As the existing business partner master data model and master data definitions are seen to 

provide very limited benefits for the implementation of product data MDM, the type of 

support between the domains is evaluated to be between non-existent and indirect. Using the 

framework for evaluating cross-domain support of MDM, the data model element thus lands 

into ‘exemplary’ quadrant. 

 

4.3 Data quality 

The data quality element covered topics related to different dimensions of data quality and 

ways to assess it. This element also considered the importance of key performance indicators 

and connecting master data quality to higher level business metrics in order to measure and 

present the value of the MDM program. 

 

The informants stated that the business partner master data quality is verified and monitored 

on several steps in the master data processes. The data was monitored over multiple quality 

dimensions. Checks were made to guarantee the completeness, correctness, consistency and 

timeliness of the data, thus covering all the four traditional data quality dimensions presented 
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by Ballou and Pazer (1985; Haug et al., 2013) In addition, importantly for MDM, also the 

uniqueness of data was verified. 

 

In the interviews, master data quality was stated to originate from the beginning of the master 

data process, and it was considered to be of utmost importance that already the requests for 

data entries must be of very high quality.  

 

“It is an absolutely must approach that the quality is nailed right at the beginning where 

the data is created. The request application is the first step, where the quality must be 

forced.” (I1) 

 

Verifying the uniqueness of the data was stated to be primarily the responsibility of the 

requester. When a person was making a request, they were instructed to check whether the 

business partner entity already existed in the master data system. The master data system 

itself was also said to contain logic and rules for checking against duplicate entities. The 

checks were said to contain, for example, fuzzy logic rules related to matching company 

names, and verifications against external identifiers, such as VAT codes.  

 

“We have a business rule that one VAT code or tax ID is mandatory. This system then 

checks through integrations from EU sources whether that company exists and what 

company that is in question.” (I1) 

 

The data entered into the requests was automatically cleansed to remove faulty characters, 

such as extra spaces, from the text strings. This kind of error might originate from, for 

example, copy pasting the data from other sources. This cleansing helped the system to 

recognize duplicates, but also increased the correctness of the data.  

 

Actions to assure the completeness of data, were also taken already at the request step. The 

request tool had sets of rules that defined which data elements were mandatory in different 

scenarios. Various scenarios were defined based on the downstream systems to which the 

entity was requested to be delivered and in which use cases the entity was planned to be 

used. If the planned use case was simple, lower number of elements were forced to be 

entered. Some of the data elements were defined to be mandatory depending on other data 
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elements. As an example, if IBAN account number was given in the bank details, it created 

a demand to fill in also other related data. In addition to checking the completeness of data 

at the request step, the company had also created scheduled reports that searched for missing 

data elements. These reports were inspected by global data maintainers, who then based on 

the findings, made corrections to the data.  

 

Correctness of data was also inspected and forced already at the request step. Depending on 

the data element, various approaches were used. Some fields were forced to contain the data 

in a predefined format. As an example, the system had rules about the allowed formats of 

postal codes for different countries. Another set of fields had predefined value lists, from 

which the allowed values were taken from. Third method to verify the correctness of data 

was to check against external sources, which also assured the consistency of the data. As an 

example, when a company was entered, the VAT code and related information were verified 

against a European Union’s database. Similar to completeness of data, also the correctness 

was checked periodically using error reports. Also in these cases, based on the findings, the 

global maintainers made corrections to the data. 

 

Timeliness of business partner master data was followed up regarding whether the requests 

for new entries or changes were processed within the defined lead times. Depending on the 

urgency, a prioritization class could be set for the request:  

 

“There are defined service levels for different prioritizations. 2 hours is fastest, urgent 

request is 4 hours, and moderate is two working days.” (I4) 

 

The different validation rules and checks were clearly documented. Also, periodic quality 

checks were listed including what is checked by whom, and how often.  

 

Data quality issues were generally stated to be related to such data elements, which had not 

been forced to be entered at the request step. It appeared that when issues were noticed, very 

detailed root cause analyses were not typically done, as the issues were mainly related to 

someone forgetting to enter specific information. It was commented that even more data 

elements should be forced to be entered at the request, but there has not been enough time 

yet to make the automated quality rules foolproof. 



56 
 

 

 

In addition to missing data, also duplicate data was noted to be typical data error type, which 

can be spotted using the scheduled quality reports. These cases included having one company 

twice or having duplicate information on one entity. Latter situation was mentioned to 

sometimes occur, when the person doing the merge of two entities is not paying close enough 

attention to quality, as this quote exemplifies: 

 

“When two companies are merged, it may be that both of them already have VAT 

codes. As a result, the new merged entity has two VAT codes. Not a huge error, but a 

quality deviation anyways.” (I1) 

 

Regardless of the well-defined data quality rules and periodic reports, it was commented that 

no specific key performance indicators exist for data quality. One informant stated that 

setting up the indicators had always been buried under more urgent development tasks. It 

was considered that KPIs would have been good at least for presenting how the data quality 

had developed over the years. 

 

“No, we don’t have proper KPIs. It’s a shame on one hand, because it is difficult to 

show from history what the data quality used to be and present the development trend.” 

(I1) 

 

Higher level metrics connected to business targets did not exist either. However, what was 

followed up, was the coverage of business partner MDM. Namely, how large portion of the 

company’s systems receive customer or supplier data from the MDM. This was also 

followed up according to features, as newly developed features were typically rolled out 

system by system. It was commented that higher level metrics would be good to have, but 

that the case organization does not really have a culture for setting up metrics for other than 

direct impacts. Measuring indirect impacts, such as, how business partner master data 

impacts sales or delivery accuracy were seen to be beyond the current reach of the 

organization.  

  

Maturity of business partner master data quality is considered to be on the third, organized 

level. Reasoning for this is that the organization clearly has a good grip on master data 
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quality, it monitors it and appears to understand the reasons for quality deviations. However, 

the organization does not have defined key performance indicators for master data quality. 

Also, it lacks clear understanding of the business impacts of poor data quality. It appears that 

on a high level the organization acknowledges that poor quality business partner master data 

will cause issues, yet it has not defined these on more detailed level, nor connected the data 

quality to higher level metrics.  

 

Same type of quality checks and mandatory fields as were used for business partner master 

data were also seen important for setting up the product data MDM. It was commented also 

for product data that the quality has to be set at the beginning of the process, when the data 

entries are requested. If the quality deviates even the slightest at the beginning, it will have 

bad consequences. The tool with which the new entries would be requested must force the 

users to provide enough correct data. 

 

For data quality, the complexity of product data was seen to bring additional challenges in 

comparison to business partner master data. Product data quality could be verified for 

completeness that the new entries have all the required attributes in place but checking for 

correctness is much more difficult. As products are the creations of the company itself, most 

often external sources for verifying whether the data is correct or not do not exist. One 

informant illustrated the difficulty of verification as follows:  

 

“We cannot guess what business wants to have. If they made a mistake with grade or 

thickness in this basic product description, we would not have any possibility to check 

this out. Because we are not shamans, we do not know what they want.” (I4) 

 

Uniqueness is also a trickier dimension to verify, as products at the case company do not 

have external identifiers, such as VAT codes, which would single them out. Rather, it was 

considered that complex rules containing, for example, some fuzzy logic, and in the end, 

manual labor, would be needed to guarantee high product data quality. 

 

It was seen that higher level metrics are likely more important for product data MDM than 

they have been for business partner master data. Reasoning for this was that the need for 

business partner MDM has been seen to be fairly clear and well understood by higher 
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management. Product data on the other hand, was considered to be much harder concept to 

grasp, and the benefits that product data MDM could bring were seen to be less obvious. 

Therefore, explicit metrics that would present the benefits in relation to higher level business 

targets could support the justification and implementation of product data MDM. 

 

One aspect that was pointed out with data quality was the risks that poor data quality may 

cause. It was considered that business partner master data is likely less critical than product 

data as the following quote illustrates: 

 

“If you have wrong postal code on a customer, a letter can end up to wrong mailbox, 

but if you have errors in product data, it can lead to machine breaks or even be a matter 

of life and death.” (I2) 

 

This statement was justified with considerations that the mistakes might lead to faulty 

production parameters leading to problems in production or delivering wrong type of product 

to customers. 

 

Generally, it appeared from the interviews that the same data quality dimensions are 

important for master data regardless of the domain and thus the existing business partner 

MDM could provide guidelines and experiences for how data quality could be monitored 

and managed in a good way also in product data MDM. Some of the tools and methods could 

also likely be directly reused. However, as the product data is more complex, some 

dimensions of it will require new quality checks to be developed. This is aligned with the 

views from literature, where it is stated that data quality may share some features, such as 

tools and processes between the domains, but will also likely require some domain specific 

features to be developed (Allen & Cervo, 2015, pp. 6-7).  

 

As KPIs and higher-level metrics had not been created for business partner MDM, their 

reusability was not evaluated. Thus, the type of support the existing business partner MDM 

could provide for the implementation of product data MDM is evaluated to be between 

indirect and direct. Using the framework for evaluating cross-domain support of MDM, the 

data quality element thus lands between ‘high potential’ and ‘high support’ quadrants. 
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4.4 Data life cycle 

The data life cycle element is related to master data management processes, MDM style and 

definitions of the roles of systems.  

 

The business partner master data was described to be set up as persistent-style MDM, 

meaning that the master data is created centrally into a master data repository and then 

distributed from there to other systems. A defined group of users, including sales personnel, 

have mandate to request new business partners, or changes to existing ones. They create the 

requests into a specific request tool by filling in the basic information of the business partner.  

 

Entity resolution regarding whether two business partner entities are the same or not occurs 

in multiple steps. Initially, it is the requesters responsibility to check whether the business 

partner that they are requesting already exists in the system. If the business partner exists, 

the request must be a change type request. If the requester considers the business partner to 

be a new one, the request is made as creation type. As described in previous subsection, the 

master data system performs quality checks including duplicate checks, upon the saving of 

the request. If the system recognizes possible duplicates, it flags the request with an alert.  

 

All requests are manually handled by global data maintainers. Their task is to inspect the 

requests and verify that all necessary data is correct and in place. For example, the company 

hierarchies might be incomplete or missing. In case the request to create new entity is flagged 

as possible duplicate, the maintainers review the case and determine whether it really is a 

duplicate. In case it is, the two entities are merged to one. All manual actions in the systems 

were described to be logged in the system to create full traceability.  

 

The company had defined which data elements are global and which are local for different 

systems. When new business partners were requested to be created, the requester had to 

define the downstream systems into which the entity is needed to be distributed and also the 

use cases for which that business partner is to be used. Based on the different combinations 

of systems and use cases, different scenarios had been created regarding which data elements 

need to be filled in into the master data repository. For some systems, all data related to 

business partners originated from the master data repository, while for others, only some 
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parts of the data were globally maintained, and the rest was left for local maintenance. As an 

example, payment terms were locally maintained in some systems. In these cases, the 

processes were built so that the new business partner was created into the master data 

repository and distributed to selected local system. Once the local system received the new 

entity, it created a local workflow that required remaining data to be filled in. 

 

The global and system specific IDs for the business partners were said to be core elements 

of the master data. As the business partner master data system was built to be persistent-style 

MDM, these IDs had been designed to be always created as global data in the central 

repository. In practice however, the system landscape had forced a slight deviation from this, 

as it appeared that not all systems can handle externally created IDs. The company’s 

customer relationship management (CRM) system handled all its local IDs based on a 

running number sequence, which the central MDM system could not keep track off. For this 

system, a different solution was generated. When a new business partner was created into 

the master repository, information about this was delivered to the CRM. Once the CRM 

received notification that a new entity is created, it generated the local ID for it, and returned 

it to the master data repository. This way, it was guaranteed that the global master repository 

was always aware of all related IDs. 

 

It was evident from the responses that the roles of systems for different data elements are 

clearly defined from the master data systems perspective. Design documents had been 

created, which described for example which data is global and which local in different 

systems. It appeared that the documents were not periodically reviewed, but rather updated 

when new projects were run to include more systems into the business partner MDM scope 

or new functionalities were developed. As the MDM was built in persistent style, it was clear 

that the global master data repository was the single source of truth for the business partner 

entities. 

 

In general, the master data management processes were considered to work well. However, 

what received slight criticism, were the technologies used for connecting the different 

systems with the central repository. The connections were said to be done using rather hard 

integrations, and as such to be quite obsolete. More modern ways to create connections 

would also exist, as the following quote expresses: 
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“Regarding how the master data is distributed. As I see, the mechanism is a bit old 

fashioned, as its rather a definite push. It does not have the kind of modern connections, 

which could be thought about.” (I3) 

 

Another aspect brought up was that processes and master data distribution appear to be in 

mint condition close to the master data repository. However, a question was raised that does 

the same clarity about the single source of truth, governance and data quality hold true also 

for some smaller and further away systems.  

 

“I think it might be the weakest link of business partner master data. -- We have so 

many IT tentacles. Even if on paper it is the single source of truth, in practice it is not 

that for everyone. -- We have over 60 order entry systems and in the biggest ones the 

customer master data is in mint condition, but then when it is trickled down to some 

smaller branches, it is possible that some compromises are needed to be made and 

overall, unfortunately I think that in the downstream the quality may vary.” (I3) 

 

Based on interviews, the maturity of the data life cycle is evaluated to be on the highest, 

optimized level. The processes related to master data management were well defined and the 

company appeared to have good understanding and descriptions for the roles of systems. 

Even if the processes themselves are not separately periodically reviewed, they are reviewed 

whenever changes to the whole master data management environment are planned.  

 

It was stated that also for product data, MDM should be built in persistent style. Other 

options were considered to either fail or become too complex to actually work as master data 

system:  

 

“You must have a central hub solution that pumps out the product data in standardized 

format to whomever needs it. -- If you don’t have this, it will cause tremendous 

pressure on the governance and quality parts of MDM.” (I2) 

 

The complexity of product data in comparison to business partner data, was seen to have a 

part also in the data life cycle element. It was discussed that perhaps only some parts of the 
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product data can be directly served from the central repository, and that other parts may need 

to remain under local maintenance, or some other hybrid type of data management may be 

needed, as illustrated in following quote:  

 

“Maybe again the commercial product data is close to this business partner master 

data. But when we go deeper it may be that we cannot anymore just blindly push. It 

may have to be some kind of dynamic interaction.” (I3) 

 

Existing business partner MDM is considered to provide little support about the data life 

cycle for the implementation of product data MDM. It appeared that it could provide best 

practices and examples of how the roles of systems for different data elements can be set up 

and how processes can be built to support the various scenarios, but in practice the details of 

these appear to be highly domain and data model specific. Therefore, the type of support 

between the domains is evaluated to land between non-existent and indirect. Using the 

framework for evaluating cross-domain support of MDM, the data life cycle element thus 

lands into ‘exemplary’ quadrant. 

 

4.5 Cross-domain support between data domains 

On high level, all informants considered that an existing MDM program will provide support 

for further MDM implementation in another domain. It was stated that master data 

management is so generic topic that if a company has MDM in one domain, the same 

fundamentals also apply to other domains and best practices can and should be reused. When 

asked about whether existing MDM in one domain can support further implementation in 

another domain, one informant commented:  

 

“This is so short discussion. -- Master data management is so generic and not very 

content specific that if you have a good way to manage master data in one domain, you 

must utilize the best practices also in other domains.” (I5) 

 

When asking further and digging deeper into the different MDM elements, the informants 

started to become more hesitant especially with the data model and data life cycle elements, 
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regarding how much support the existing MDM could actually provide to the other data 

domain. It was stated that to understand how the existing MDM can really support 

implementation to another domain, analysis needs to be done in detail with the specific data 

domains in mind.  

 

In the previous subsections, the maturity and the type of support of each MDM element were 

evaluated based on the empirical data gathered in the interviews. It appeared that generally 

the maturity of each element was on a good level within the existing business partner MDM. 

On the other hand, the type of support the existing business partner MDM could provide for 

the implementation of product data MDM appeared to vary between the elements. These 

results are summarized in Figure 13 where the MDM elements are positioned into the 

framework for evaluating cross-domain support of MDM according to their evaluated 

maturity and type of support.  

 

 

Figure 13 Summary of results for cross-domain support between the existing business 

partner MDM and the envisioned product data MDM. 
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5 Discussion 

This thesis was set out to answer the research question “How an existing MDM program can 

support further implementation of MDM in another data domain?”. To answer this question, 

three further sub-questions were posed.  

 

First sub-question, “What is MDM”, was presented to gain a general understanding of MDM 

and what kind of functions and concepts are related to it. Based on the literature, MDM does 

not have a single clear-cut definition, but it is rather a collection of best practices that aims 

to solve data quality issues arising especially from disparate organizations and information 

systems working as separate silos (Silvola et al., 2011; Vilminko-Heikkinen & Pekkola, 

2017). It is an application-independent approach that targets to provide a single source of 

truth for the business relevant master data (Otto, 2012; Smith & McKeen, 2008). Numerous 

models have been developed for MDM. Regardless of the differences between the models, 

all of them cover the same main themes in one way or the other. Within this thesis, as a 

synthesis of the different models, MDM was seen to consist of four main elements. These 

were data governance, data model, data quality and data life cycle. 

 

Second sub-question, “What kind of preconditions and challenges have been recognized for 

a successful implementation of MDM”, was posed to gain knowledge about what elements 

are seen to be most important for the implementation. In literature, the most important 

preconditions were seen to be related to data governance. Setting up enterprise-wide 

information policies together with roles and responsibilities, such as data ownership and 

stewardship, were seen to be crucial. (Moran et al., 2018; Silvola et al., 2011; Smith & 

McKeen, 2008) If these were not set up properly, the implementation would face challenges 

related to, for example, internal conflicts and unclarities in responsibilities. (Smith & 

McKeen, 2008; Vilminko-Heikkinen & Pekkola, 2017) Besides data governance, a well-

established data model was seen to be a precondition for successful MDM. Poorly defined 

and communicated data model would not necessarily support all the planned use cases, and 

it would lead to unclarities regarding what data is master data and what each data element 

means. (Allen & Cervo, 2015, pp. 22-23; Silvola et al., 2011; Vilminko-Heikkinen & 

Pekkola, 2017) As the main target of MDM is to improve data quality, a well working data 

quality surveillance together with related KPIs and metrics were seen to be essential for 
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verifying the data quality and presenting the value that MDM brings to business (Moran et 

al., 2018; Radcliffe, 2007; Vilminko-Heikkinen & Pekkola, 2013). Related to data life cycle, 

setting up the related processes and infrastructure were seen to be important (Moran et al., 

2018; Vilminko-Heikkinen & Pekkola, 2013), but these were not specially highlighted as 

preconditions or as sources for challenges. Besides the topics related to the four MDM 

elements, collaboration between business and IT functions, and managerial support and 

sponsorship were seen to be essential prerequisites for successful MDM implementation  

(Smith & McKeen, 2008).  

 

Previous literature had stated that existing MDM programs can support MDM 

implementation to further data domains. However, how and what kind of support they can 

provide has been stated to be organization and domain dependent, with no clear indications 

of how the existing MDM could benefit the further implementation. (Allen & Cervo, 2015, 

pp. 6-7) To increase understanding about this, the third sub-question was posed: “What kind 

of cross-domain support can MDM program for business partner domain provide to 

expansion of MDM in product domain?” This was studied using a qualitative case study 

method. The case organization was a multinational company operating in raw material 

manufacturing industry. The organization had an existing MDM in business partner domain, 

and it was considering whether to implement MDM also for product data. The cross-domain 

support was studied using two dimensions within each recognized MDM element. Firstly, 

by assessing the maturity of the existing business partner MDM, as it has been stated in 

literature that with increasing maturity the organization becomes more knowledgeable and 

experienced in the theme and thus more able to reuse the methods and processes related to 

it (Allen & Cervo, 2015, p. 15). Secondly, by evaluating the type of support the existing 

domain could provide for the other domain. Based on the results, each MDM element was 

positioned on the framework for evaluating the cross-domain support of MDM. 

 

The data governance element was positioned into the ‘high support’ quadrant. This is 

estimated to increase the potential to succeed in the implementation of product data MDM. 

However, as the data governance in the company was not established as an enterprise-wide 

program, but only as a purpose-built framework for the business partner MDM, it is possible 

that setting up data governance for product data domain still requires considerable effort. 

This finding is in line with the earlier literature regarding that data governance can be shared 
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between different domains (Abraham et al., 2019; Allen & Cervo, 2015, pp. 6-7; Loshin, 

2008, pp. 67-68) Generally, what was surprising in the results was that the data governance 

did not exist as an enterprise-wide program, but rather as a purpose-built solution that only 

served the needs of business partner MDM. Based on the MDM and data governance 

literature, data governance is portrayed as something that should be created to be enterprise-

wide and to cover as many business and data domains as possible for it work. However, it 

appears in practice that lighter solutions can be functional as well.  

 

The data model element was positioned in the ‘exemplary’ quadrant. Especially, as the 

product data domain was considered to be much more complex than the business partner 

data domain, the data model element does not provide direct support. However, thanks to 

the high maturity, it should provide good guidelines and best practices also for product data 

MDM, and it is considered to improve the potential to succeed in the product data MDM 

implementation. However, as in practice there is little that can be reused, the amount of effort 

needed to develop a well-functioning product data model is likely still very high. This result 

is in line with literature, as data models describe the specifics of each business entity and as 

such are domain and company specific  (Allen & Cervo, 2015, p. 47). What was surprising 

to the author, however, was the views from some of the informants related to the indifference 

between required skills on data modelling between MDM and traditional data warehouses. 

This leads to suggest that prior experience in general data warehousing would also enhance 

potential for success in MDM implementation from data model perspective. 

 

The data quality element was positioned between the ‘high potential’ and ‘high support’ 

quadrants. This means that if the maturity of data quality in the existing business partner 

domain could be increased, it could likely also support the implementation of product data 

MDM better. The existing business partner MDM can likely support the implementation of 

product data MDM with practical quality surveillance tools and methods. However, 

developing KPIs and connecting those to high-level strategic targets will require new effort. 

This finding was also in line with the earlier suggestion from literature that various domains 

may share, for example, the tools or processes related to data quality, but that specific 

features need be domain specific (Allen & Cervo, 2015, pp. 6-7). 

 

The data life cycle element was positioned in the exemplary quadrant. The business partner 
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MDM had well defined processes and roles of systems for managing the master data, and as 

such they provide good guidance for how these could be designed for product data MDM. 

However, largely due to the much more complex nature of product data, the processes and 

roles of systems are considered not possible to be directly reused, but rather they need to be 

designed separately for product data. Thus again, the existing MDM likely improves the 

potential to succeed in the implementation by increasing the chance to avoid typical 

mistakes, but it does not take away the development effort. In literature the data management 

processes related to data life cycle are presented to be largely domain specific (Allen & 

Cervo, 2015, pp. 6-7), which is in line with the findings of this study. However, based on the 

interviews it appeared that if the new data domain would not have been as complex as 

product data appeared to be, the existing processes could have been better reused. 

 

The theoretical aim of this thesis was to provide insight to existing theory on multi-domain 

MDM by studying the specific context of expanding from existing business partner domain 

to product domain in a case organization operating in raw material manufacturing industry. 

The results of the study were aligned with the general view from earlier literature that an 

existing MDM is seen to support implementation in further data domains. The main 

theoretical contribution of this thesis was in studying the cross-domain support in more 

detailed MDM element level, using an evaluation framework that combined the maturity 

with the type of support each element could provide.  

 

The practical aim of this study was to provide insight for the case organization about the 

possible synergies between the existing and planned MDM domains. The results of this study 

provide guidance to the case organization regarding where they should put most effort when 

starting the implementation of MDM in product domain. In practice, the existing data 

governance element can be largely reused. If the organization puts effort into developing 

their data quality element, it supports both the existing and the new implementation of MDM. 

The existing data model and data life cycle elements on the other hand will provide general 

guidance through best practices but developing them successfully for the product data MDM 

will require considerable effort. More generally, the developed evaluation framework could 

also be utilized by other organizations that are considering expanding their existing MDM 

programs to other domains. 
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This study was performed as a qualitative single case study, and as such the results are 

considered to be valid for this specific case. To enhance reliability and to allow the 

evaluation of transferability of the results the author has documented the study in detail. The 

case was selected to be a common case in order for the research to represent a normal 

occurrence of the studied phenomenon. The case organization was a multinational company 

that had a history of multiple mergers. As such, the author considers the organization to be 

very generic. However, specific organizational features, such as company culture may have 

an effect on the results, which were not estimated within this study. The company had 

existing MDM for business partner domain, which, based on literature (Allen & Cervo, 2015, 

p. 25), is a very typical domain to start MDM. The second domain, to which MDM was 

planned to be implemented, was product data, which is also a typical domain within MDM  

(Loshin, 2008, p. 6). However, what should be noted for product data, is that it is very 

company specific. As the case company was operating in raw material manufacturing, the 

product data was seen to be extremely complex. For a company that would operate either in 

retail or with discrete manufacturing, the product data domain would likely be simpler 

bringing it closer to business partner data, and thus also the type of support between the 

domains could be different. 

 

Use of rich data and respondent validation are means to improve internal validity of a study 

(Kananen, 2008, pp. 125-126; Maxwell, 2009, p. 244). In this study, the gathered data was 

available in rich format for analysis as verbatim transcriptions were used. However, due to 

limited time frame of the thesis, a separate respondent validation of the conclusions was not 

done. Instead, the author aimed to validate the views and align with the informants already 

during the interviews. As the topic of MDM is somewhat ambiguous without a single 

definition, and especially as the product data domain was considered to be very complex, 

some room for misinterpretations do exist, and respondent validation of the results and 

conclusions would have been beneficial to further increase the validity.  

 

In qualitative studies, the amount of gathered data is considered to be sufficient when 

bringing in further informants does not any more introduce new data, but rather the data 

starts to repeat itself  (Hirsjärvi et al., 2013, pp. 181-182). In this study, the number of 

informants was limited to five, as more suitable informants were not available at the case 

company. Regardless of this limitation, the author considers that the data became saturated 
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for the most parts, as the informants were largely aligned in their responses. In certain areas 

some informants had differing views. These were presented in the results along with the 

relevant quotes. 

 

One further point of consideration of this study is that the results are gathered regarding a 

potential implementation of product data MDM. This means that the results do not 

necessarily reflect how the cross-domain support would play out in actual MDM 

implementation. Additionally, as the maturity evaluation is based on the stakeholders’ 

interviews, it is possible that estimated maturity levels are overoptimistic. 

 

As proposal for future studies, the author considers that a follow up research, where the 

cross-domain support would be investigated in an actual MDM implementation project 

would be fruitful to verify the results and to see, whether the organization is really able to 

reuse the existing knowledge. Also, performing this study as a multiple case study would 

allow verification of the results and possibly enable evaluation of how the cross-domain 

support differs in different types of industries. The cross-domain support framework could 

also be further developed into a practical method to be used by companies for evaluating 

what kind of expertise and effort they need most in their MDM implementation projects. In 

this study, the cross-domain support for MDM was evaluated by dividing MDM into four 

elements. In further studies and for better practical support, it could be beneficial to divide 

MDM into finer components. Also, to allow better comparison between companies the 

maturity levels of MDM could be estimated using the framework developed by Spruit and 

Pietzka (2015). To also allow more detailed results, the type of support dimension could be 

refined further to be evaluated by, for example, subject matter expertise, methods, tools and 

roles. 
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6 Conclusion 

The objective of this study was to explore how an existing MDM program can support 

further implementation of MDM in another data domain. Based on this study, the existing 

business partner MDM is likely to make the implementation of product data MDM easier. 

The data governance and data quality elements are likely to provide more direct support than 

the data model and data life cycle elements. This difference is attributed to that the data 

model and data life cycle elements are more dependent on the data itself. In the case 

company, the nature of business partner and product data domains were seen to be very 

different. In practice, if the case company starts implementing MDM in product data domain, 

existing data governance and data quality elements can likely be reused. The data model and 

data life cycle elements will likely need to be redeveloped and as such will require 

considerable effort and focus for the implementation to succeed. 
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Appendix A. 

Interview for MDM at case company 
 
Background information of informant 

- Describe your role and responsibilities in the company? 
- How long have you worked in the company and in what roles? 
- What is your relation to existing Business Partner MDM? 
- What is your relation to product data? 

 
 
First theme: Data Governance 
(Data ownership, data stewardship, data council, policies for data management) 

a) Defining maturity for data governance in BP master data 
- Does business partner (BP) master data have defined data owners? 

o Data owners are typically main business stakeholders that specify 
requirements for the data and its quality 

- (How would you describe responsibilities of data owners) 
- Does BP master data have defined data stewards? 

o Data stewards typically work for business and drive data management 
process improvements and define data quality standards and policies at a 
tactical level. 

- Have data management policies been defined and implemented? 
- How are conflicts solved? Is there a data council? 
- Are the responsibilities related to BP master data mapped in some way (e.g. RACI 

chart) and communicated? 

 
b) Evaluating the type of support existing data governance could provide for product 

data domain 
- How could the existing data governance framework be utilized for product data? 

o Could the existing framework and organization be directly used also for 
product data? 

o Could the same set up of roles and responsibilities work for product data? 
o Could the same policies be used for product data? 

- What kind of knowledge could be reused for product data? 
- What kind of tools, practices or processes could be reused for product data? 
- Does setting up and running the data governance framework require high level of 

subject matter expertise? 

 
Second theme: Data model 
(Definition of master data, Master data model) 

a) Defining maturity for data model in BP master data 
- Are master data elements defined across the whole organization? (i.e. what is BP 

master data) 
- Does an enterprise-wide model for BP master data exist? 

o Does it include relationships between different types of BP data? 
o How is it maintained? 
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o Are persons responsible for maintaining it explicitly defined? 
- How is metadata related to BP master data maintained?  
- Is there a data dictionary, which allows users to view the master data attributes 

and model? 
o And that presents the definition and formats for data? 

 
a) Evaluating the type of support existing BP data model could provide for product 

data domain 
- Could the data definitions and data models be reused for product data? (Not likely 

directly, as the data domains and included attributes are different)  
- What kind of knowledge could be reused for product data? 
- What kind of tools, practices or processes could be reused for product data? 
- How about metadata management? Could the same approach be used for product 

data domain? 
- Does defining the definitions and formats for the attributes require high level of 

subject matter expertise? 
- Does building and maintaining the data model require high level of subject matter 

expertise? 

 
Third theme: Data Quality 
(data quality management, KPIs and metrics) 

a) Defining maturity for data quality in BP master data 
- Are there defined quality criteria for BP master data? 
- Is BP master data quality continuously/periodically monitored and changes in 

quality assessed? 
- Are there defined KPIs for data quality? 
- Do higher level metrics (strategic business targets) related to BP master data 

quality exist? 
- (How data quality is measured and followed up?) 
- How well are the reasons for poor quality data known? 
- What kind of measures are taken to improve data quality? 
- Are these measures continuous in nature? 

 
a) Evaluating the type of support existing BP data quality efforts could provide for 

product data domain 
- Could the same data quality KPIs be used for product data? 
- Could the same higher level metrics be used for product data? 
- What kind of knowledge could be reused for product data? 
- What kind of tools, practices or processes could be reused for product data? 
- Does managing the data quality require high level of subject matter expertise? 

 
Fourth theme: Data Life Cycle 
(Data life cycle processes, roles of systems) 
 

a) Defining maturity for data life cycle in BP master data 
- Is the system landscape mapped with defined roles of systems (which system is 

allowed to create or update data, which system is allowed to use data)? 
- Does every data item have single source of truth defined? 
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- Is maintenance labor automatically logged by the systems? 
- Are processes related to data life cycle (entity resolution, integration, 

synchronization) periodically reviewed? 
 
 
b) Evaluating the type of support existing BP data life cycle efforts could provide 

for product data domain 
- Could the same MDM style be used for product data? 
- Could the same processes be used for product data? 

o If not, why? 
- Could the same tools be used for product data? 
- What kind of knowledge and competences could be reused for managing product 

data life cycle? 
- Does managing the life cycle require high level of subject matter expertise? 


