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This master’s thesis is a case study that evaluates solution options for implementing a data
catalog in a company where data management is siloed and fragmented. The process starts
by mapping the current state and collecting the relevant material. The study also included a
review of benchmark cases from the literature to assess suitable solutions. The current-
state description was complemented with stakeholder perspectives in order to define the
key requirements for a data catalog and data discovery capabilities.

For stakeholders, the ProductID discovery and definition work was structured using
Kipling’s SW+1H method (who, what, when, where, why, and how, from a data catalog
and data management perspective). Across departments, the same challenges were
identified: data products do not have a unique product-level identifier, and naming
practices differ between departments. This creates challenges in data management and in
practical system integration. In the target state, the aim is to establish a unique identifier
for the product and enrich its metadata for future needs, so that it can function as a single
source of truth.

Based on the literature, these problems are typical in ICT organisations as the volume and
complexity of products and data increase. The results indicate that functional data catalog
solutions form a critical foundation for future development—especially for the effective
use of modern Al, business analytics, and integration tools.
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Tamé diplomityd on tapaustutkimus, jossa arvioidaan yrityksen tarpeisiin soveltuvia
ratkaisuja datakatalogin toteuttamiseksi tilanteessa, jossa datanhallinta on siiloutunutta ja
pirstaleista. Prosessi alkaa nykytilan kartoittamisella ja olennaisen aineiston kerddmisella.
Ty6hon sisédltyi myds kirjallisuuden benchmark-tapausten tarkastelu soveltuvien
ratkaisuiden arvioimiseksi. Nykytilan kuvausta tdydennettiin sidosryhmien ndkdkulmilla,
jotta voitiin madrittdd datakatalogin ja data discovery -kyvykkyyksien keskeiset
vaatimukset.

Kunkin sidosryhmien osalta tuotetunnisteen selvitysprosessia jdsennettiin Kiplingin SW +
IH -menetelmén avulla (who, what, when, where, why ja how datakatalogi- ja
datanhallinnan nédkdkulmasta). Kaikkia osastoja yhdisti samat haasteet: Datatuotteille ei ole
yksikisitteistd tuotekohtaista tunnistetta ja osastojen nimedmiskdytinnot poikkeavat
toisistaan. Tdmé luo haasteita datan hallinnassa, mutta myds kiytdnnon integraatiossa.
Tavoitetilassa tuotteelle pyritddn luomaan yksikésitteinen tunniste ja rikastamaan metatietoa
tulevaisuuden tarpeisiin, jotta se voisi toimia yhden totuuden I&hteena.

Kirjallisuuden perusteella ndmi ongelmat ovat tyypillisid ICT-organisaatioissa tuotteiden ja
datan mééran sekd monimutkaisuuden kasvaessa. Tulokset osoittavat, ettd tulevaa kehitysti
— ja erityisesti modernien tekoély-, business-analytiikka- ja integraatiotyokalujen tehokasta
hy6dyntdamistd — varten toimivat datakatalogi-ratkaisut muodostavat kriittisen perustan.
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1 Introduction

1.1 Background

The volume and diversity of data are continuously increasing, creating new possibilities for
future use. At the same time, concepts such as the data economy and data spaces aim to
organise and connect data for creating new use cases and improve existing ones (Ardito et
al. 2022). The downside is that data-related management becomes increasingly demanding
and complex — resulting undesired entropy of information. Poor data quality yields
deadweight into process (Haug et al. 2023), and fragmented data flows prevent effective use
without centralised metadata management (Subramaniam et al. 2023). A recent survey of
data catalog tools underlines that without advanced solutions organisations struggle to
answer basic questions about where their data is located, what it means and how reliable it

is (Kropshofer et al. 2025).

This thesis examines the data management -case in Company (later Company ABC), which
operates in data-as-a-service (DaaS) -healthcare industry. Company’s product-related data
is siloed across several systems. Among others, also business department lack a coherent
overview of what is being developed, delivered and billed. The focus is to find best practices
and guidelines from relevant research literature for defining a unique Product identifier
(UPI). Potential solutions are evaluated against the defined requirements for data product
catalog by the Company. Scope of thesis is not emphasised on technical matters, data
management covers also several other crucial issues, which need to be addressed

simultaneously.

Effective data management is a core capability for any data-driven organisation (Kropshofer
et al. 2025). Well-governed data supports daily decisions and long-term strategy, improves
operational efficiency and helps to meet legal and ethical requirements (Framling et al.
2007). Such frameworks are e.g. “Big Five”, EU’s data economy regulations the Data Act,
the Data Governance Act, the Al Act, the Digital Services Act, and the Digital Markets Act,
which do have an impact to corporate data landscape (Vainio 2025). Meeting such

requirements are also a necessary foundation for Al and machine learning (ML). Without



consistent and reliable data, machine learning or Al technologies cannot deliver their
expected value. (DAMA n.d.) Data management is not only a technical concern but an
organisational capability that has impact on wider perspective of business and IT. (DAMA

n.d.)

Blohm et al. (2024) describe two major issues for keeping companies from utilizing and
scaling data-driven innovations effectively. First, traditional centrally governed data
warehouses and BI (Business Intelligence) solutions do not scale up easily to meet growing
data and analytics demand. Data lakes tend to degenerate into “data swamps”, data becomes
or remain siloed, and analysts spend a long time for searching and accessing relevant
sources. Second, organisations have concentrated data responsibilities into small central
expert teams, which can become bottlenecks and often lack sufficient business or other
operational domain understanding to embed data and analytics effectively in everyday work.
(Blohm et al. 2024.) According to Olesen-Bagneux (2023), siloed issues typically emerge as
a natural outcome of local optimisation behaviour rather than deliberate design. None of
employees have comprehensive view to data and IT landscape and far less visibility of what
others are doing with data. This yields opacity into system and opacity create data silos,

where groups and individuals shift to work in isolation. (Olesen-Bagneux 2023.)

Existing approaches for addressing these issues include e.g. master data management
(MDM), product information management (PIM), product lifecycle management (PLM),
data catalog solutions and stock-keeping units (SKU) (Olesen-Bagneux 2023; Bonthu 2025;
DealHub 2025; Vilminko-Heikkinen & Pekkola 2019). The problem is not a lack of methods
nor tools, but how they are applied in each specific context. Off-the-shelf frameworks do not
automatically fit the realities of an organisation, its legacy systems and business logic.
(Tonnarelli et al. 2025.) In data inventory and data catalog domains exists multiple
overlapping terms and acronyms. This reflects the current business reality: there is a jungle
of partly overlapping technologies and concepts, where similar terms are used with different
meanings and different sounding terms can be close to synonyms. (Aho et al. 2020; Liu et
al. 2021.) For organisations planning to improve their data management, this semantic

complexity makes it difficult to choose an appropriate upgrade.

Data management system renewals can be expensive and disruptive (Battistello 2020;
Olesen-Bagneux 2023). Poorly functioning systems create friction in everyday work, reduce

trust in data and ultimately decrease value for user (Silvola et al. 2011; Staskiewicz et al.



2021). In lean terms, dysfunctional data system landscapes generate waste Muda: duplicated
work, waiting, unnecessary movement of data and avoidable errors (Singh & Kaur 2020).
An essential design question is how to define product-level master data so that it remains

stable over time, while introducing new analytics, integration and reporting solutions on it.

The research area of data management has been ongoing since the 1980°s, when enterprises
began to use databases and applications to support business processes (Legner et al. 2020).
Since then, Legner et al. (2020) consider data management development occurred in three
separate phases: Era of automated data processing (1980°s, era of integrated information
systems (1990’s) and era of big data processing, which cover large volumes of internal and
external data starting from 2010. (Legner et al. 2020.) Even though practical development
with master data management (MDM) and modern data cataloguing is becoming
increasingly popular and familiar, academic research in this field is limited and lagging (e.g.

Battistello 2020; Ehrlinger et al. 2021; Kropshofer et al. 2025).

This thesis addresses that gap by identifying good practices for data cataloguing and data
governance in the case of Company ABC. Based on the literature and empirical findings,
thesis propose principles for a unique ProductID, which refer to SKU notation guidelines.
This can serve as a guideline to building a product master data. The work focuses on enabling
a first step in data discovery from existing systems and on developing a proof-of-concept
ProductID -model that follows stock keeping unit notation principles and can act as a
practical basis for a modern data catalog. In doing so, the thesis links abstract MDM and
governance concepts to a design proposal in Company ABC’s data architecture. Discussed
themes are towards a general type, they are applicable to other related use cases. Proof-of-
concept is mocked scenario of some basic features what need to be considered when applying

a ProductID with SKU principles.

1.2 Aim of study

Thesis aims to provide Company ABC a literature-based benchmark of data inventory or
data catalog solutions for future improvement of data management system. In the Company
the problem occurred with AS-IS practice, that unique data products identifiers do not
actually exist. Data products are fragmented over several systems and different departments

do not apply a shared standard for notation. This has raised problems for business analytics,



managing data products, development and customer project management. Existing data
products are complex in healthcare sector, consists of several entities, siloed separated
systems are not compatible with business related views efficiently (for example analytics,

reporting).

First aim was browsing possible benchmarked solutions and study results from literature.
Second aim is to draft a model or architecture or schema for building a unique Product
identifier for Company based on existing data products with general SKU principles (nearly
human readable, canonical etc). The schema of data inventory should follow the provided
requirements from Company. The task of this thesis is to define the problem, refine the
requirements for implementing a data catalogue project and pilot/proof-of-concept a lay-out

to a company. Aim of study can be specified with following three refined research questions:

RQ 1. What are best practices for improving company ABC data management

strategy in defining Product identifier for a data catalog based on existing literature?

RQ 2. What ProductID-related requirements and problems are identified in Company
ABC, and how do they map to the literature-based best practices?

RQ3. What kind of product identifier would meet the observed theoretical and

practical requirements?

As outlined in the basic principles, adopting MDM-practices to agile or decentralised data
systems, is not only struggling with technology — it is more about governance and data

management principles and deployment of managing siloes.

1.3 Deployment of study

The thesis is a case study in a Company that develops complex, data-intensive products and
services in health care industry. The assignment came from the Company ABC chief
financial officer, who identified a lack of product visibility for Companys’s product portfolio
and business analytics shortcomings on ABC’s data product systems. In other words, data

product data landscape had become opaque. The practical symptoms were fragmented



Product identifiers notation over departments, and a notable amount of manual work was

required in simple analytic tasks and reporting.

The thesis is aligned with the Company’s development project for updating data catalog
system. Empirical work of thesis started in autumn 2024 and continued through 2025.
Understanding the current situation, mapping AS-IS, the system landscape and governance

issues took longer than expected, carried out in the latter part of the project.

1.4 Structure of thesis

The thesis is organised as follows. Section 1 is introduction to thesis scope and structure.
Section 2 presents the relevant literature and theoretical background. Part 2.1. describes the
literature search strategy and outlines the key themes that frame the study topic. Section 2.2
introduces the research methodology. The thesis adopts a flexible case study approach,

which provides suitable approach for thesis.

Section 3 describes the main themes discovered in the literature review which are discussed
in following sub-sections. Themes provide the conceptual frame for data management field
which consists of several relevant topics, what must be taken into consideration before
refinement to data catalog strategies can be outlined. Structure starts from upper-level
context from which they are refined down into more detailed themes related to topic. Section
4 discusses data collection and data handling related issues. Data is collected from memos
and company ABC materials and department interviews which requires attention for

reporting.

Section 5 presents results for study. First are introduced data inventory and catalog related
results. Second the results from SW1H-model, the stakeholder analysis based on the Kipling
SW1H framework, which consists of five W’s (what, who, where, when, why) and H (how).
The framework is used to collect comparable input from different stakeholders from
Company ABC, to identify issues and to derive requirements for the solution. In this thesis,
the SW1H- analysis is used to support the design of governance practices and to discovering

a model for a SSOT product identifier.

In section 6 are discussed the findings from the results. This describes the variety of technical

solutions and provide views to utilisation, reliability and validity discussion for ProductID



discovery in first steps of data inventory. Section 7 summarises thesis related to problem

setting and observed results. Table 1 displays the input-out diagram of thesis.

Tablel. Input — output diagram of thesis structure

Thesis background, research
questions and structure

Methodology and related literature
search strategies

Evaluation of chosen literure
themes

Research data for empirical part of
thesis

Analysis from data catalog
principles, 5W1H-framework and
proof of consept

Evaluation of results in study
context

Key findings from study

.

Chapter 1
Introduction

Chapter 2
methodologigal decisions

Chapter 3
Data management consepts in
researh literature

Chapter 4
Case study data collection and
data handling

Chapter 5
Results

Chapter 6
Discussion

Chapter 7
Summary of thesis

by bbb

Outline of thematic context and
need for study

Reasoning methodologigal
choices and summary of literature
research

Relevant findings from literature to
support evindence based
solutions for data catalog-process

Usable data for analysis

Reflecting obtained results to
literature and proof-of-concept

Answers to research questions
and recommendation to future
studies

Key take-away from study




2 Theoretical background and methodology

2.1 Related literature and search strategy

The literature review for this thesis was compiled using a combination of preliminary web
searches, academic database queries, and Al-supported tools. Key academic databases
included LUT primo service, Semantic Scholar, the Ai2 Asta search. LUT Primo and
Semantic Scholar operate as classic literature query, Ai2 Asta requires keywords and
software assisted prompting. Preliminary queries included “systematic or review” with
several combinations of following keywords: SKU, stock keeping unit, data governance,
data catalogue, Master data management, ProductID and product information management.
Adding “systematic” and “review” into enquiries may decrease the number of results but it
can provide good comprehensive sources for references with more refined focus for thesis
domain. LUT primo and Semantic Scholar were utilized with snowballing strategy in
queries. In snowballing strategy exceptions are made “systematic review” -restriction when

highly relevant studies occurred during snowballing.

Semantic Scholar performs well for this and LUT primo can provide cross-checking for
original articles if they were not available open access. Ai2 Asta yielded 200 studies of which
22 relevant (included for evaluation) and 178 somewhat relevant based on relevance filter
in Ai2 Asta (for prompting and results, see appendix A). It is worth mentioning that Ai2 Asta
was not restricted with time (year) filter, relevant papers start from year 2012. Ai2 Asta
returns the select papers into Semantic Scholar with abstract and link to full paper. Results
of Ai2 Asta were systematically related to study scope but snowballing yielded studies with
even better accuracy of relevance for thesis. Thus, a recent study by Bragg et al. (2025)
showed that LLM research tools are far from perfect for assisting scientific literature

research.

Research queries resulted in the main concepts of study field: master data management,
product information management, data catalogues as main themes and others closely related
concepts. These are discussed in the chapter three. Master data management yields a sound

foundation for data management operations in data science with single source of truth



(SSOT) -concept, but it refers to a monolith (centralised) system structure, which can be

problematic for fragmented data landscapes.

Classification of included study themes are displayed in Table 2. Based on literature, themes
are organized top-down from general concepts to more detailed topics. Classification is
assisted with NotebookL M-pro research application. Included relevant studies meet criteria
of focusing one or several key subjects for thesis. Each main theme is reviewed in chapter 3
separately. This yields a general theoretical framework for case study. Referred literature
can be used as a guideline for browsing and evaluating plausible solutions for Company

ABC data inventory-problem.



Table 2. Classification of main themes from related literature

domain main findings

inreferences

Data Science Data science is an experimental and iterative process. Data

Aho et al. 2020);

(

and Data should be viewed as a product, with defined consumers and (Meierhofer et al. 2019);
Products quality promises. This mindset supports viewing the (Blohm et al. 2024);

ProductID as an asset that enables advanced analytics and  (Goedegebuure et al. 2024);

data-driven services. (Zasadzinski et al. 2021)
Master Data  The goal of MDM is to create a Single Source of Truth (SSOT) (Vilminko-Heikkinen 2017);
Management for critical business entities such as products. This requires  (Vilminko-H. & Pekkola 2019);
(MDM) and breaking down data silos, eliminating redundancies and (Silvola et al. 2011);

Single Source achieving semantic harmonisation. MDM is not only a

of Truth (SSOT) technical project; it requires significant organisational change

and process harmonisation.

Otto 2011);

Haug et al. 2023);

Spruit and Pietzka 2014);
Jha 2025)

Product Effective product information management follows the
Information “simplify before automate” principle: the assortment and
Management SKU structure must be rationalised before system

(PIM) and SKU implementation. SKU proliferation (uncontrolled increase in
Management item codes)is a common problem. A PIM system acts as a

central distribution point for commercial product information

and supports the integrity of the ProductlID across digital
channels.

Battistello 2020);
Battistello et al. 2021);
Staskiewicz et al. 2021);
Lietal.2011);

Framling et al. 2009);
DealHub 2025)

—_— e~~~ S e~~~ o~

Data Discovery Data discovery refers to searching for data, not just searching (Olesen-Bagneux 2023);

(

and Data in data. Data catalogs act as inventories that make data (Ehrlinger et al. 2021);

Catalogs findable, understandable and trustworthy. Modern catalogs (Tonnarelli et al. 2025);
leverage Al for metadata harvesting and support (Jahnke & Otto 2023);
collaborative, community-driven practices. (Kropshofer et al. 2025)

Data Technology alone is not sufficient; successful data (Otto 2011);

Governance  management requires a governance model that defines data (Vilminko-Heikkinen 2017);
owners and stewardship responsibilities. Federated (Vilminko-H. & Pekkola 2019);
governance models (e.g. in a Data Mesh context) balance (Bonthu et al. 2025);
central standards with business unit autonomy. Governance (Lukyanenko 2024)
ensures the stability and quality of the ProductID over time.

Metadata Metadata is key to understanding the context of data, Subramaniam et al. 2023);

Management including lineage and provenance. The 5W1H model (Who, Yang et al. 2025);

and Semantics What, Where, When, Why, How) provides a cognitively

accessible structure for metadata. Al/ML-based methods are

essential for automatic generation and maintenance of
metadata when dealing with large-scale data assets.

Scholly et al. 2021);
Zuiderwijk et al. 2012);
Hoseini et al. 2023);
Liuetal.2021)

—_~ S~~~ o~

Data Quality = Poor data quality leads to significant costs and operational

risks. Quality management requires systematic profiling and

continuous monitoring. For a ProductID, key quality attributes

include uniqueness, persistence and integrity.

Singh & Kaur 2020);
Haug et al. 2013);
Gualo et al. 2023);
Bonthu 2025)

—_ e~~~
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2.2 Methodology

The methodological approach of this study can be supported from perspective of the
developmental research framework by Richey and Klein (2005). Their framework supports
research where solutions are designed and evaluated as part of real development work in an
organisational context. For two main categories in framework, they propose Type 1 and Type

2 -studies.

Type 1 is product and tool focused. This type of research can focus for example on designing
and developing a specific product, program, process or tool within a defined context. The
study documents and analyses the development process and evaluates the effectiveness of
the outcome. The conclusions are often context-specific, which refers to the case studies
discipline also. Type 2 is model-focused. This research focuses on creating and validating
generalisable design, development or evaluation models. Here the aim is to develop new
methodological models rather than individual applications. Distinction between type 1 and
2 is not always clear and unconditional, however. Authors give an example of classification
of study functions and common research methodologies (see Table 3). (Richey and Klein

(2005.)

Table 3. Developmental research types, phases and typical methodologies (Richey and Klein
2005)

Type of Function / phase Research methodologies employed
developmental
research
Type 1 Product design and Case study, in-depth interview, field observation,
development document analysis
Type 1 Product evaluation Evaluation study, case study, survey, in-depth interview,
document analysis
Type 1 Validation of tool or Evaluation, experimental study, expert review, in-depth
technique interview, survey
Type 2 Model development Literature review, case study, survey, Delphi, think-aloud
protocols
Type 2 Model use Survey, in-depth interview, case study, field observation,
document analysis
Type 2 Model validation Experimental study, in-depth interview, expert review,

replication
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Diploma thesis can be categorised into a Type 1 developmental study, as it focuses on the
developing of a ProductID and designing data catalogue process in a single case
organisation. The approach fits the iterative and proof-of-concept nature of the work, where
the objective is to produce practical and context-aware knowledge rather than a fully

generalised solution.

The refined study methodology is described in two parts. First, a flexible case study
framework is introduced based on Runeson and Host (2009), which provides a suitable
methodological refinement for the research domain. Second, the practical implementation of
the study is described, including the main process steps and the phases through which the

work was conducted.

2.2.1 Flexible and iterative case study design

The study was deployed in three main phases, following an iterative and problem-driven
case design. Methodologically according to Runeson & Hést (2009) and Yin' (2018) define
that case study is an empirical method aimed at investigating contemporary phenomena in
their context. Runeson and Host (2009) discuss the problems generally known in case
studies, such as multiple sources of evidence, boundaries between phenomenon and context,
and gathering information for study may suffer from lack of experimental design control.
Richey and Klein (2005) also denote these existing issues in their study. Generally, more
fundamental problem of case studies is lacking ability to provide sound evidence for

generalizing the observed results (Gomm et al. 2011).

Case studies methods were aimed for exploration purpose in origin (Runeson and Host
2009). In wider perspective, this can be interpreted that researcher may test some existing
theory over phenomenon, whether it lends support to theory or does not. Other use case
would be exploring a new problem context and seek starting points to new theory or
adjusting existing ones for further testing (see e.g. Popper 1959; McLeod 2023). Thus,

further discussion of philosophy of science is not within this thesis scope.

'Yin (2018) provides an extensive manual for case studies. Runeson and Host (2009) pinpoint to software
engineering -domain
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Thesis context falls under to flexible designs category, which often deal with the complex
and dynamic characteristics of real-world phenomena (indeed software engineering) and
conclusions are based on a clear chain of evidence (Runeson & Host 2009). Flexible designs
may require a significant number of iterations for scoping the research problem and
gathering data (Runeson & Host 2009), which is the case in this thesis. Runeson & Host
(2009) propose a five-step general process for conducting a case study in software

engineering field, but this should apply to almost any kind of empirical study:
1. Case study design: objectives are defined and the case study is planned.

2. Preparation for data collection: procedures and protocols for data collection are

defined.
3. Collecting evidence: execution with data collection on the studied case.
4. Analysis of collected data

5. Reporting.

2.2.2 Case study and process implementation

Conducted phases in thesis can be categorized in three parts, including several iterations
before moving forward in phases. This emphasizes the dynamic nature of study. For each

phase Runeson and Host (2009) proposed process steps 1-5 are iteratively conducted.

The first phase of study focused on understanding the AS-IS state. This included scoping the
state together with business department, conducting preliminary meetings with key
stakeholders and familiarising with existing processes and trajectories towards TO-BE -state
in future. In parallel, a broad scope of related literature on data management, MDM, PIM,
PLM, data catalogs, data governance and SKU studies was browsed to identify relevant
concepts and existing solutions to similar problems. These actions cover case study steps 1

— 3 in Runeson and Host (2009) general process.

The second phase concentrated on the data inventory and data catalog domain. Iterative
meetings were held to refine the scope and requirements for a potential catalog solution.
Preliminary interviews were conducted with stakeholder departments, including product

management, product development and data analytics. The aim of this phase was to map
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where product-related data reside, how they are documented, and which gaps stakeholders
perceive in terms of discoverability and governance. These cover case study steps 1 — 4 in

Runeson and Host (2009) general process.

In the third phase, the work became more structured. Iterative meetings with business
departments were continued, and more systematic data was gathered using the Kipling
SWIH framework (see Subramaniam et al. 2023.) - Who, What, Where, When, Why, How
-framework. This made it possible to compare perspectives and requirements across
stakeholder departments, as well gain inputs from all Company stakeholders: product
management, development, data and analytics and customer relation management/sales
(CRM). Earlier, ad hoc data did not provide sufficient insight for addressing governance
questions or for observing a shared understanding of how a Single Source of Truth (SSOT)—
oriented data catalog could serve all stakeholders needs and their defined requirements.

These cover case study steps 3 — 5 in Runeson and Hdost (2009) general process.

Process of discovering data inventory consist of six phases in DASCA(n.d.) proposed model:
1) assembling the team and project owner, 2) defining the inventory scope and objectives,
3) preparing the method, metadata content, and documentation templates, 4) mapping data
sources and systems, 5) documenting metadata for the data assets, and 6) validating the
results and iteratively updating the inventory into an operating maintenance practice. This
thesis focuses mainly on discovering and documenting existing assets. Maintaining process
of data inventory (DASCA n.d.) is displayed in figure 1. Processes of conducting data
catalog can be time and resource consuming. This thesis focus is in the first two gears starting
from left. It covers the governance and ownership themes for discussions, conducting
analysis and review for inventory, namely data discovery and defining solutions with stated
requirements. Rest of gears remain future development of Company ABC data catalog
system and are not within study scope. Neither of processes can not fully accomplished in

this thesis, the focus of study in mentioned key parts of processes.
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Figure 1. Process of maintaining Data Inventory (DASCA n.d.)

Methodological literature proposes stepwise strategy and defining process for data
discovery, simplification, preparations and implementation according to Battistello (2020)
and Vilminko-Heikkinen (2017). Data catalogs for dummies -guide propose similar actions
with casual terms crawl, walk and run (Babu et al. 2023). In practice, following these
iterative guidelines are recommended due to the complex nature of working with data catalog

development (Olensen-Bagneux 2023).

2.2.3 Metadata-driven discovery and the Kipling SW1H -mental model

Subramaniam et al. (2023) identify a recurring set of challenges in enterprise data
management: the need to find relevant data (discovery), manage it consistently (governance),
access it across systems (integration), and align its use with regulatory requirements
(compliance). These challenges are not primarily technical but conceptual. Organisations
struggle to describe data assets in a way that is understandable and consistent across roles,

systems, and use cases.

To address this, Subramaniam et al. (2023) propose a mental model for data catalogs based
on the SW1H? framework, extended with relationships (SW1H+R). Rather than treating a
data catalog as a technical metadata repository, the framework emphasises cognitive fit:

users should share a common understanding of what data represents, how it is used, and who

2 Also known as Kipling method, although authors do not explicitly refer this. From 1902 poem “The
Elephant’s Child - I keep six honest serving-men / (They taught me all I knew); / Their names are What and
Why and When / And How and Where and Who."
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is responsible for it. The authors highlight four key requirements for the model. First,
metadata must support discovery by being understandable to humans, not only machines.
Second, the catalog should preserve history using an append-only approach, allowing
evolving definitions to be traced over time. Third, audit metadata—such as timestamps and
user attribution—must be captured to support trust and governance. Fourth, the model must
support complex metadata structures, reflecting the heterogeneous nature of enterprise

master data. (Subramaniam et al. 2023.)

The SW1H+R model organises metadata into intuitive profiles that answer simple but
essential questions. In this model, metadata is organised based on question (profiles) with
Who, What, where, when, Why and How. Relationships (R) extend the model by describing
how assets are connected. following list of components describe content of profiles and

Figure 2 illustrates metadata partitions and definitions. (Subramaniam et al. (2023.)

e Who describes the stakeholders associated with a data asset: creators, current
owners, data stewards and typical users, including access rights and usage history.

e What specifies the content and nature of the data. It covers schema information,
business domains (for example Product or Finance), basic quality indicators and
sensitivity classifications such as the presence of personal data.

e Where indicates the physical and logical location of the asset, including database or
file names, hosting platforms and access mechanisms.

e  When captures temporal aspects of the lifecycle: creation and modification dates,
update frequency and retention or expiry policies.

e  Why documents the business purpose and rationale. It clarifies for what use cases
the dataset was created, which processes it supports and what limitations or
constraints apply.

e How describes lineage and processing history: collection methods, preprocessing
steps and the main scripts, pipelines or algorithms that generate or transform the data.
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Figure 2. SWI1H+R MM partition names and definitions (Subramaniam et al. 2023)

In data catalog domain, the SW1H+R framework does not introduce technology but provides
a stable conceptual structure for storing and retrieving metadata. Without such a structure,
catalogs tend to accumulate inconsistent and free-form descriptions, leading to what
Subramaniam et al. (2023) describe as “metadata swamps.” By aligning how metadata is
entered with how users search for information, the framework improves navigability and

reduces the effort required to evaluate whether a dataset is fit for purpose.

In this thesis, the SW1H framework is used as a structured method for collecting metadata
from stakeholder departments in the Company ABC case. It provides a common language
for cross-referencing requirements and desired ProductID features across domains. To limit
complexity at the early stage of data discovery, the relationship dimension (R) is excluded
from the empirical scope, as the case focuses on a single primary data table rather than

complex inter-asset dependencies.

For conclusion, discovering a ProductID and applying governance practices are iterative

processes. Key take-away from literature is general three phase development process



17

which includes 1) preparation and rationalisation, 2) governance consideration and 3) data
asset cataloguing. This is usually applied into simple context before scaling to complex
data environment. (Battistello 2020; Babu 2023; Vilminko-Heikkinen 2017; Olensen-
Bagneux 2023.) For Company ABC -case Subramaniam et al. (2023) SW1H-framework is
utilised for data collection over stakeholder departments for cross referencing the
requirements and desired features for ProductID. “R” relations is left outside of study for

avoiding unnecessary complexity in early stage of data discovery with only one data table.
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3 Data management concepts in literature

This chapter organises the main themes found from the literature in a top-down order for
discussion. It starts from a general view of data science and management and then refines
towards more specific topics related to Company ABC case study. The aim is to review
relevant literature broadly to identify different aspects for the case problem. The focus is on
concepts and practices related to data management and governance, master data and product

information management, data catalogues and metadata.

This chapter provides general content and context for the theoretical structure and empirical
parts of the thesis. Aim for discussing each theme is to extract relevant ideas and approaches
that could help Company ABC build a data catalogue and define a ProductID model.
Evaluation between centralised and decentralised data environments are discussed in section

4 separately.

3.1 What is data science?

In Aho et al. study (2020) “data science” is defined as a discipline for extracting knowledge
from (large) data sets, adopting multidisciplinary scientific techniques to understand and
analyse the data and to provide insights. In supporting tone data science can be described as
“unique blend of skills from analytics, engineering & communication aiming at generating

value from the data itself” (Stadelmann et al. 2013).

Data science differs from traditional software development, which often proceeds linearly
from requirements specification to implementation. Data science work is experimental and
iterative. Project outcomes cannot always be specified in advance, and the process requires
continuous hypothesis testing and model refinement. Uncertainty is an inherent part of the
work. (Aho et al. 2020.) Data science conceptual model by Aho et al. (2020) is shown in
figure 3, where author divide data science project to three main elements: experimentation,
development approach and multidisciplinary teamwork. They highlight that successful data
science initiatives rely on cooperation between domain experts, data professionals and

business stakeholders. (Aho et al. 2020.)
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Figure 3. Conceptual model of Data Science Projects (Aho et al. 2020)

Data science but also related themes, such as data engineering and data mining, is built on
company rules on what the data says and what it does not say. Data science usually conducts
the prior work for analytics and software development before those can provide actual
insights or value from data. (Aho et al. 2020.) Achieving this requires defined data (product)
and as middle -layer, data management systems and technologies as enablers (Meierhofer et

al. 2019), for example master data management and single source of truth -concepts.

3.2 Master data management

Master Data Management (MDM) operates at the intersection of technology, governance
and business operations. Its main objective is to establish a single source of truth (SSOT) for
critical master data entities such as products, customers and suppliers (Haug et al. 2023;

Vilminko-Heikkinen & Pekkola 2017). In principle, SSOT is straightforward: all
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stakeholders should rely on the same accurate and up-to-date version of each key data object.
This requires that inconsistent versions and uncontrolled duplication are avoided across the
organisation (Gualo et al. 2023). To enable effective MDM according to Krishnan (2020),

organisations need

e standardized definitions and models for data.
e standardized metadata

e processes for collecting data.

In practice, achieving SSOT can be challenging. The difficulty is not limited to technical
integration but extends to data governance and working practices, ownership,
responsibilities and decision-making (Vilminko-Heikkinen & Pekkola, 2017; 2019;
Krishnan 2020). Most information landscapes are fragmented due to legacy systems,
departmental tools, acquisitions and platform changes. These conditions create parallel
“truths” across systems. Even when such silos emerge for practical reasons, such as

department-specific aliases, they become barriers to unified master data (Olesen-Bagneux,

2023).
As Krishnan (2020, p. 162) writes:

“Each system can give you a fractured insight into what is happening in the
enterprise, but you cannot create a clear and concise view of data as a
centralized system. This is where the need for a centralized master data
management system begins. With a centralized system, the enterprise can
create, manage, and share information between systems and applications
seamlessly. [-] Master data management is not about technology, the critical
success factors [-] are the subject matter experts in data within the business
teams, who can understand and define the processing rules and complex
decision-making process regarding the content and accuracy of the data.”

Haug et al. (2023) describe MDM as a socio-technical process in which technology alone is
insufficient. Establishing SSOT requires clear data ownership, defined governance roles, and
systematic stewardship and change management. As product portfolios, business needs and
regulatory requirements evolve, the master data model and its controls must evolve

accordingly (Haug et al., 2023).
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When master data is not coherent and trusted, organisations face duplicated work, inefficient
processes, unreliable analytics and increased compliance risk. Multiple inconsistent versions
of the same data lead to confusion and weak decision-making. In contrast, effective MDM
supports smoother operations and provides a stable foundation for analytics and reporting.

(Haug et al. 2023; Subramaniam et al, 2021.)

Several studies have observed that large-scale MDM programmes are among the most
difficult IT and organisational transformations. Fully centralised, monolithic MDM
approaches often become complex, costly and slow to deliver value. (Vilminko-Heikkinen
& Pekkola, 2017; Haug et al., 2023; Krishnan 2020.) Attempts to set uniform standards
across heterogeneous business units in many cases lead to resistance, workarounds or failure,
especially when local needs conflict with centrally defined rules and ownership is unclear

(Haug et al., 2022; Vilminko-Heikkinen & Pekkola, 2019).

Recent research addresses the limitations of traditional MDM by promoting federated,
metadata-driven approaches and data catalogues. Rather than replacing all local systems,
these approaches provide shared definitions and “just enough” governance to improve
consistency and visibility (Subramaniam et al., 2021; Babu et al., 2023). This aligns with the
broader view that master data quality is achieved through shared definitions, governance
structures and sustained cooperation between business and IT, not through technology alone

(Haug et al., 2022; Vilminko-Heikkinen & Pekkola, 2019; Subramaniam et al., 2021).

From this perspective, MDM and SSOT should be understood as continuous efforts rather
than one-time projects. Maintaining SSOT requires a balance between central standards and
local flexibility, as well as ongoing updates to governance practices and metadata as the

organisation and its products change. (Subramaniam et al. 2021; Battistello 2020.)

3.3 Managing product data

3.3.1 Data as a product

Modern data management has shifted towards treating data as a product (Framling et al.
2007). A data product can be defined as a managed “artefact” that satisfies information needs

and creates value by transforming and packaging data elements into a form that is easy to
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consume. (Blohm et al. 2024.) Data products are not just technical element; they reflect the
application of data science competences to produce concrete benefits for users (Meierhofer
et al. 2019). According to Goedegebuure et al. (2024) it is not a static dataset or table, but

an architectural unit (“architectural quantum”) that includes:

e the data itself
e metadata
e the code required for ingestion, processing and delivery

e the infrastructure needed to operate and maintain the product.

Analytics provides methodologies and tools to generate insights from data. These insights
can be predictive, descriptive. In both cases insights are intended to be actionable: they
inform decisions, trigger interventions or support planning. (Meierhofer et al. 2019.) In the
context of data products, these competences refer to the application of data science,
understood as a unique blend of skills from analytics, engineering and communication aimed
at generating value from data. Meierhofer et al. (2019) describe data-insights -value chain in

figure 4.

: , Value | Willingness
Analytics = Creation to Pay

Service User /

Data Insights
5 Value Customer

Figure 4. The value chain of a data product (Meierhofer et al. 2019)

Following previous Meierhofer et al. (2019) logic, a data product can be defined as the
application of data science competences to provide benefit to another entity. Meierhofer et
al. (2019) substitute “data product” the original Stadelmann et al. (2013) definition of data

science into formulation which yields:
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A data product is the application of a unique blend of skills from analytics,
engineering and communication to generate value from data for the benefit of

another entity. (Meierhofer et al. 2019)

This definition links the analytical insight, the service perspective and the technical

implementation into a single value chain: from raw data, through data science competences,

to actionable benefits delivered as a data product (Meierhofer et al. 2019). The main purpose

of the data product is to reduce tailored use of data by standardising what is provided and by

ensuring that provisioned data meets agreed quality criteria (Blohm et al. 2024).

The literature synthesis identifies several critical characteristics of data products that are

essential for successful data discovery:

1.

Discoverable: Potential users must be able to locate data easily, typically through a
centralised data catalog that acts as a search engine for the enterprise (Jahnke and

Otto 2023; Olesen-Bagneux 2023).

. Addressable: The data product must have a unique, persistent address allowing

programmatic access via standardized interfaces (Goedegebuure et al., 2024).

. Understandable (Self-describing): Data must be self-describing, requiring rich

semantics and documentation so consumers can comprehend its meaning without

external assistance (Ehrlinger et al. (2021).

Trustworthy: Data quality must be verifiable, often adhering to Service Level
Objectives (SLOs). Trust is built through transparency regarding data lineage and
quality metrics (Zasadzinski, 2021; Goedegebuure et al., 2024).

Interoperable: Data must follow standards to facilitate integration with other data
products. This is particularly critical for the unique ProductID to ensure
harmonization across disparate source systems (Liepert et al., 2024; Goedegebuure

et al., 2024).
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3.3.2 Product Information Management - PIM

Product Information Management (PIM) refers to the organisational processes, data
structures and supporting systems used to centrally manage all product-related information
across business units, channels and markets. Closely linked to Master Data Management
(MDM), PIM focuses on the enrichment, adaptation and distribution of product data,
including technical attributes, marketing content and localised information required in

different customer and regulatory contexts. (Battistello 2020.)

Whereas MDM provides the single source of truth for core business entities, PIM
operationalises this principle by enabling structured, attribute-based management of product
information. PIM supports the practical requirements of multi-channel and omni-channel
operations, where consistent and complete product data must be published across several
internal and external touchpoints (Battistello 2020). The literature emphasises that PIM is
not merely a technical platform but a cross-functional capability that connects IT, marketing,
sales and product management. Effective PIM practice allows organisations to maintain
product attributes centrally—ensuring the consistency of specifications, descriptions, images
and related content—while supporting controlled adaptation for different markets and

channels. (Battistello 2020.)

Battistello (2020) notes that successful PIM initiatives rely on clear attribute ownership,
collaborative workflows and process-driven design that fits organisational needs. The
challenge is therefore as much one of governance as of technology. Attribute quality, version
control and data stewardship must be addressed systematically to ensure that product
information supports operational efficiency and delivers a coherent customer experience

(Haug et al. 2022).

Like MDM, PIM is an ongoing discipline rather than a one-time implementation. Product
portfolios, channel strategies and customer requirements evolve, and PIM practices must
adapt accordingly. Rigid or overly complex PIM architectures risk becoming bottlenecks
rather than enablers, reinforcing the need for incremental development and close alignment

between business and technical stakeholders (Battistello 2020).
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3.3.3 Product Lifecycle Management - PLM

Product Lifecycle Management (PLM) is a strategic approach that integrates people,
processes and systems to manage product definition information across the lifecycle, from
early design to manufacturing, service and end-of-life (Battistello 2020; Li et al. 2011).
Compared to Product Data Management (PDM), PLM has a broader scope and typically
functions as the primary repository for engineering specifications and related intellectual

property (Battistello 2020).

PLM is where the stable technical attributes of a product and its variants are defined before
commercial enrichment in downstream systems such as PIM or ERP (Li et al. 2011). Product
data in PLM also evolves through distinct states. Liu et al. (2021) describe a product
morphology view that separates product data into conceptual, digital and physical forms.
The conceptual product captures requirements and functions and links customer needs to
functional specifications. The digital product represents the detailed design, including Bills
of Materials, CAD artefacts and simulation data. This is the core PLM domain and the typical
stage at which a ProductID is introduced to differentiate variants before production. (Liu et
al. 2021.) The physical product refers to the manufactured instance. While the digital
definition is stable for a given revision, the physical product’s condition changes over time,

and instance-level data supports maintenance history and lifecycle tracking. (Liu et al. 2021.)

In Industry 4.0, PLM provides core data for Digital Twin implementations. A practical
barrier is interoperability in cross-organisational data exchange, for example between
component manufacturers and machine builders (Liepert et al. 2024). The Asset
Administration Shell (AAS) is proposed as a standard mechanism to improve
interoperability by representing an asset through structured, machine-readable submodels.
Typical submodels include a digital nameplate and technical data. Mapping PLM outputs to
AAS supports standardised exchange of technical metadata and reduces manual integration

work. (Liepert et al. 2024.)
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3.3.4 Unique product Identifier

The Unique product identifier (UPI) functions as the semantic anchor for product-related
data across the enterprise. UPI connects the product’s technical definition in PLM, its
commercial representation in PIM, and its transactional use in ERP into a single, consistent
reference. In this sense, the UPI forms the core of a Single Source of Truth. While
transactional data such as orders and invoices describe events, master data describes the

business entities participating in those events, including products. (Silvola et al. 2011.)

UPI must resolve to exactly one product within the relevant namespace (Jha 2025). It must
also be persistent: once assigned, the identifier should remain unchanged throughout the
product’s lifecycle, even if descriptive attributes such as weight or marketing text change
(Silvola et al. 2011). In distributed data architectures, the UPI should additionally be
addressable, acting as a stable reference that enables programmatic access to the underlying
data product (Goedegebuure et al. 2024). Together, these properties make the UPI the

primary mechanism for aligning product data across systems.

The assignment of a UPI is closely tied to product morphology and lifecycle. Liu et al. (2021)
distinguish three states of product data that the UPI must bridge: the conceptual product,
defined by abstract requirements and functions; the digital product, consisting of detailed
design artefacts such as Bills of Materials and CAD models; and the physical product, the
manufactured instance whose condition changes over time through use and maintenance. In
many organisations, the UPI is introduced at the digital product stage within the PLM
system. For Company ABC, PLM therefore represents the technical origin of the UPIL. To
support interoperability across systems and organisational boundaries, the identifier should
align with emerging standards such as the Asset Administration Shell (AAS), where it
underpins the digital nameplate and enables consistent exchange of engineering data (Liepert

et al. 2024).

Establishing a UPI system is as much a governance challenge as a technical one. A recurring
problem in product master data is the proliferation of “shadow” SKUs, where multiple
identifiers are created for essentially the same product. This typically results from weak
governance and decentralised item creation. Jha (2025) emphasises the role of a structured

New Item Request (NIR) process, in which proposed products are validated against existing
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records before a new identifier is issued. Prior to automating UPI generation, organisations
should also rationalise their product portfolio. Assigning identifiers to obsolete, overlapping
or unprofitable products increases complexity without adding value. Product Variety
Reduction—often summarised as “simplify before you automate”—is therefore a
recommended preparatory step (Battistello et al. 2020). In parallel, MDM practices must
include systematic deduplication rules, frequently supported by fuzzy matching on attributes
such as names and specifications, to avoid creating new identifiers for products that already

exist under different descriptions (Jha 2025).

From a data discovery perspective, the UPI enables products to be treated as discoverable
data assets. It allows product-related data to be indexed and exposed through a data
catalogue, which functions as an enterprise search layer (Olesen-Bagneux 2023). To ensure
semantic clarity, each UPI should be linked to a business glossary entry, so that users
understand how concepts such as “item”, “article” and “product” relate to the same identifier
(Ehrlinger et al. 2021). In more advanced implementations, UPIs can be expressed as
Uniform Resource Identifiers (URIs) within an enterprise knowledge graph. This allows the
identifier to function not only as a key, but as a connector linking the product to its business

context, ownership and lineage (Oliveira et al. 2023). Table 4 summarises the key attributes

of a robust UPI identified in the literature.

Table 4. Attributes of a robust Unique product Identifier

Attribute Description Author
Addressable Provides a stable programmatic reference  Goedegebuure et al. (2024)
or endpoint for accessing the related data
product.
Immutable / Does not change over the product’s Silvola et al. (2011)
persistent lifetime, even when descriptive attributes
are updated.
Governed Creation and change are controlled through Jha (2025)
aformal New Item Request (NIR)
workflow.
Interoperable  Follows agreed standards (e.g. AAS) to link  Liepert et al. (2024)
PLM, ERP and PIM consistently.

Semantically  Islinked to a business glossary or ontology  Ehrlinger et al. (2021)
defined to ensure a shared understanding of its
meaning.
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3.3.5 Stock keeping unit - SKU

A stock keeping unit (SKU) is a type of previously defined UPI or ProductID. It is a unique
alphanumeric code used to track and manage inventory. In many organisations, SKUs are
semi-descriptive and encode a limited set of attributes (e.g., product type, size, colour) to
distinguish variants in both human and system use (DealHub 2024). SKUs differentiate
operational variants (e.g., “01-ABC-BLK-L”) and support analysis of sales performance and
assortment. From an integration viewpoint, the syntax must be stable: avoid special
characters that break interfaces and design the scheme, so it scales to new product lines

without structural changes. (DealHub 2024.)

A recurring problem is SKU proliferation. Without clear rules, the SKU set grows beyond
business needs and increases complexity in planning, inventory control and reporting
(Staskiewicz et al. 2021). Studies also indicate a typical concentration effect: a small share
of SKUs generates most revenue, while a long tail of low-volume codes creates
disproportionate maintenance overhead (Battistello et al. 2020; Staskiewicz et al. 2021). To
control this, organisations apply Product Variety Reduction (PVR), removing obsolete,
overlapping or unprofitable SKUs before migrating data into new MDM or PIM solutions
(Battistello et al. 2020).

Proliferation also appears as multiple SKUs for the same physical variant, for example due
to customer-specific packaging or labelling. This fragments the underlying product truth,
complicates profitability and volume analysis at family level, and weakens MDM outcomes.
(Staskiewicz et al. 2021.) The ProductID design must therefore define how such cases are
handled: when identical items remain separate SKUs and when they are consolidated under

one ProductID with aliases.

SKU creation must be governed to avoid uncontrolled increase. Jha (2025) describes the
New Item Request (NIR) process as a practical control mechanism. In an NIR workflow,
each new request is checked for duplicates, enriched with mandatory attributes and approved
against the product catalogue structure before an SKU is created in the master repository. In
Company ABC, this keeps SKUs aligned with the higher-level ProductID model and ensures
each SKU remains usable as an operational anchor for pricing, billing and CPQ activities

across the lead-to-cash chain. (Jha 2025.)
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Well-governed SKUs also improve data discovery. Standardised naming and attribute
structures make SKUs easier to search and classify in catalogues and reporting layers. This
supports faster lookup for sales and logistics and enables SKU-level analysis such as
inventory velocity and assortment gaps (DealHub 2024). In this thesis, the SKU is treated as
the lowest operational level that must remain discoverable, while the ProductID provides the
stable higher-level reference that links SKUs to PLM definitions and PIM views into a

consistent product model for Company ABC. Table 5 summarises the essential features of

SKU.

Table 5. Attributes of a robust SKU-identifier

Feature category Feature Description and relevance Sources
1. Identification = Uniqueness One SKU maps to one product variant. Silvola et al. (2011);
and structure Required to prevent duplicates and keep  DealHub (2024);
SSOT intact across ERP/CRM/PIM. Staskiewicz et al.
(2021)
Naming convention Use a fixed, documented syntax. Avoid DealHub (2024)
special and ambiguous characters to
reduce integration and user errors.
Descriptiveness Encode only key attributes (e.g. type— DealHub (2024)
colour-size). Supports quick discovery;
keep the code short and stable.
2. Governance NIR process Create SKUs only through a governed Jha (2025);

and quality

workflow to prevent ad hoc / shadow
SKUs.

Ownership Assign a clear owner responsible for SKU  Silvola et al. (2011);
correctness and maintenance. Jha (2025)
Lifecycle control Define states and retirement rules. Battistello (2020);
Rationalise obsolete / low-value SKUsto DealHub (2024);
reduce noise and cost. Staskiewicz et al.
(2021)
3. Classification Taxonomy linkage Link each SKU to a product hierarchy Silvola et al. (2011);
and hierarchy (family - group > SKU) to support Jha (2025)
reporting and attribute reuse.
Attribute Standardise attributes; control user- Jha (2025);
governance defined fields to avoid fragmentation and DealHub (2024)

improve discovery.
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3.4 Metadata management and data discovery

Metadata is structured information that describes, explains, or locates a data resource,
making it easier to find, use, and govern (Zuiderwijk et al. 2012). Metadata also enables data
discovery. Olesen-Bagneux (2023) distinguishes between searching in data—querying a
known dataset—and searching for data—Ilocating relevant data assets in the first place.
Metadata mainly supports the latter by making data assets visible and comparable across

systems (Olesen-Bagneux 2023).

Tonnarelli et al. (2025) classify metadata into three types. Technical metadata describes
structure and location, such as table and column names, data types, and formats (Tonnarelli
et al. 2025). Business metadata defines meaning through terms and definitions, typically
maintained in a business glossary. It clarifies how concepts such as “product”, “item”, or
“sales article” are used across units and systems (Ehrlinger et al. 2021; Tonnarelli et al.
2025). Operational metadata describes how data is produced and consumed, including
lineage, refresh cycles, and system-to-system flows. In Lead-to-Cash processes, this is

needed to understand how product data propagates from source systems to downstream

consumers (Jha 2025; Tonnarelli et al. 2025).

To make these metadata types usable for different stakeholder groups, Subramaniam et al.
(2023) propose the SWI1H+R mental model. The framework structures metadata around
practical questions: who owns the data, what it represents, where it is located, when it was
created or modified, why it exists, how it was produced, and how it relates to other data

assets (Subramaniam et al. 2023).

Data catalogs operationalise metadata for search and reuse. Jahnke and Otto (2023) define
data catalogs as tools that connect data supply and demand by providing a central platform
for data inventory and discovery. Modern catalogs increasingly automate metadata
collection and enrichment through metadata harvesting, which becomes necessary in large
and distributed data landscapes (Tonnarelli et al. 2025; Yang et al. 2025). For data products
and analytics, this matters because data must be discoverable before it can be reused. Data
discovery therefore concerns awareness of what data sources exist and how they should be

interpreted, not only querying familiar databases (Olesen-Bagneux 2023). Effective
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discovery requires both comprehensive metadata management and a catalog that makes

assets findable and understandable (Ehrlinger et al. 2021).

3.5 Data catalogs

Data catalogues are metadata management systems designed to provide a unified view,
discovery interface, and governance layer for organizational data assets—ranging from
structured databases to files, APIs, reports, and data products (Subramaniam et al., 2021;
Kropshofer et al. 2025; Babu et al. 2023). Unlike traditional repositories that focus on storage
or transaction processing, data catalogues emphasize the collection, enrichment, and curation
of metadata, including technical schemas, business definitions, data lineage, usage statistics,

and access rights.

Recent literature recognizes data catalogs as a response to the growing complexity and
fragmentation of enterprise data environments. As organizations adopt cloud, multi-cloud,
and hybrid architectures, the need to discover, trust, and govern data across silos has become
critical. (Subramaniam et al., 2021; Fernandez et al., 2020.) Modern data catalogs employ
automation—metadata harvesting, machine learning for classification, and user-driven
tagging—to scale beyond manual documentation and support active, “living” inventories of

data assets (Kropshofer et al. 2025; Babu et al. 2023).

From a governance perspective, data catalogs serve as hubs for stewardship, quality
management, and policy enforcement, connecting technical metadata with business context
and data ownership structures. By linking metadata to data lineage and usage patterns,
catalogs enable organizations to manage compliance, trace the flow of information, and
support self-service analytics with appropriate controls (Subramaniam et al., 2021; Haug et

al., 2022).

Data catalogs do not seek to centralize all data in a single system—instead, they create a
“single point of reference” for metadata, enabling discovery and trust without disrupting
underlying data sources (Fernandez et al., 2020). This metadata-centric model offers a more
agile and federated approach than traditional monolithic MDM or rigid data warehouses,

supporting both enterprise-wide governance and local autonomy.
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Modern data catalogs are distinguished from earlier (“traditional”) data catalogues by their
active scope, automation, usability, and integration with organizational governance
(Tonnarelli et al. 2025). Traditional data catalogs (or early metadata repositories) were often
passive, manually maintained inventories—typically focused on technical metadata such as
table schemas, file structures, or system documentation. Their primary function was to help
IT staff keep track of data assets within a limited environment, and they were rarely used
directly by business users. (Kropshofer et al. 2025; Subramaniam et al., 2021.) An example
blueprint of data catalog is displayed in figure 5 (Atlan 2023).
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Figure 5. Atlan (2023) example for data catalog model

Terminology regarding data inventory, catalogs or business glossaries can be confusing.
Generally business glossaries include “a centralised collection of standardized terms and
definitions used within an organization. It clarifies key business concepts, promotes
consistent communication, and enhances data governance” (Atlan 2024). Table 6. describes

the main differences between data inventory, data catalog and business glossary
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Table 6. comparison of data inventory, data catalog and business glossary features. (Atlan

2023; 2024)
Aspect Data Inventory Data Catalog Business Glossary
Primary purpose  Identify what data exists Enable search, understanding  Define shared business
and where it is stored and reuse of data assets meaning of terms
Main question What data do we have and What data should | use and What does this term
where? why? mean in our context?

Typical users

IT, data governance,
security

Business users, analysts, data

engineers

Business, data
governance, domain
experts

Metadata focus

Technical metadata

Technical, business and
operational metadata

Business terminology and
definitions

Level of
abstraction

System- and object-level

Dataset- and attribute-level

Concept-level

Governance role

Supports compliance and
control

Supports discoverability and
trust

Enforces semantic
consistency

Relation to data
assets

Registers physical data
assets

Organises and contextualises

data assets

Describes concepts
referenced by data

Role in data Limited (coverage only) Central (search and evaluation) Indirect (clarifies

discovery meaning)

Typical outputs Asset lists, locations, Searchable catalog, lineage, Standard definitions,
ownership quality indicators aliases, term mappings

Dependency First step Builds on inventory Linked to catalog and

order inventory

Relevance for Identifies where ProductlD Enables ProductlD discovery Defines meaning of

ProductID appears and reuse ProductID, SKU, variant

3.6 Data governance

A Data Owner holds ultimate responsibility for the content, business rules, and access rights

of the data. In the case of ProductIDs, this role typically resides within business leadership

rather than IT, reflecting the fact that product definitions are business decisions. (Otto 2011;

Vilminko-Heikkinen 2017.) A Data Steward is responsible for day-to-day data quality

management, maintaining definitions, monitoring compliance, and resolving data issues.

This role operates at the interface between business and IT and is critical for translating

governance rules into operational practice (Jha 2025; Bonthu 2025). At the organisational

level, a Data Governance Council provides decision authority for resolving conflicts—such

as competing definitions of a product across departments and for approving data strategy

and key governance principles (Vilminko-Heikkinen 2017).
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Data Governance establishes a normative framework through policies and standards that
guide how data is managed across the organisation. A data strategy defines how data
supports business objectives. For ProductID management, this implies treating product data
as a strategic asset governed through common rules rather than local practices. (Legner et
al. 2020.) Governance also defines data quality criteria, such as completeness, accuracy, and
timeliness. Bonthu (2025) emphasises that these criteria should be embedded directly into
operational systems, for example as validation rules in ERP and MDM platforms, to prevent
the creation of low-quality data at the source. (Bonthu 2025). In addition, governance
specifies metadata standards by defining which metadata attributes—such as ownership,
source system, or confidentiality classification—must be maintained to ensure that

ProductIDs are discoverable and interpretable (Tonnarelli et al. 2025).

Data Governance is not a one-time project but a continuous set of processes covering the full
data lifecycle, from creation to retirement. A central mechanism is the New Item Request
(NIR) process, which structures the creation of new products. As described by Jha (2025),
this process validates new requests against existing records, enforces mandatory attributes,
and prevents duplicate ProductIDs from entering the system. Change management is equally
important. When product attributes are modified, governance processes ensure that changes
are propagated consistently across systems, reducing the risk of data divergence and

inconsistent representations of the same product (Oliveira et al. 2023).

Recent literature highlights a shift away from purely centralised and document-driven
governance models toward more agile and automated approaches, often referred to as Data
Governance 4.0 or federated computational governance. In this model, governance rules are
not only documented but encoded as metadata, enabling automated enforcement and the use
of active metadata in daily operations. (Oliveira et al. 2023; Olesen-Bagneux 2023.) In
distributed architectures such as Data Mesh, governance responsibilities are partially
decentralised to domain teams that produce and maintain data, while global standards—such
as uniqueness rules—remain centrally defined to ensure interoperability across the enterprise

(Goedegebuure et al. 2024; Uzhakova and Fischer 2024).
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3.7 Centralised, decentralised and hybrid data architectures

The choice of a data management architecture is not only a technological decision. It defines
an organisation’s ability to manage master data—such as product information—in a scalable
and reliable manner. The literature typically distinguishes three main approaches: the
traditional centralised model, emerging decentralised paradigms (data mesh), and hybrid
models that combine features from both (data fabric). It is essential to understand how these

models support the uniqueness and discoverability of a data asset.

Figure 6 characterises the topologies for three different approaches of architectures. In
figure 6 it is observable how increased decentralisation should decrease siloed activities at
least from data architecture perspective. From previously discussed literature in this thesis
technical solutions require addressing the governance related topics also in organisation for

achieving full potential (Subramaniam et al. 2023).

Full mesh federation Hybrid mesh federation Governed mesh

Domain Domain

Domain Domain Domain

Source-
aligned
distribution

Demain P X Domain domain Domain

Domain Domain

Each domain has full responsibility Some domains, such as analytical, have Domains distribute data via a central
for its connections te other domains full responsibility; others distribute via a legical entity
central logical entity

Figure 6. Different data mesh topologies (Strengholt 2022)
o C(Centralized data architecture

The centralized (governed mesh) model has historically been the dominant approach in
Master Data Management (MDM) scene. In this model, data is collected from operational
source systems, such as ERP and CRM, into a centralized repository—typically a data
warehouse or a data lake—where it is governed and distributed. (Blohm et al. 2024.) The
core feature of the centralized model is the establishment of a single source of truth. It aims
to harmonize data definitions and eliminate silos, which is critical for managing a global

identifier for a product entity. (Haug et al. 2023; Battistello et al. 2020.)
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These systems can offer strong control, but downside is possible struggling with scalability.
As data volume and diversity increase, the central data team can become a bottleneck that is
unable to respond quickly to changing needs of business domains (Blohm et al. 2024;
Goedegebuure et al. 2024). In addition, centralized teams may be distant from the business
context in which data is created, increasing the risk of quality issues and the emergence of

“data swamps,” where data exists but its meaning becomes unclear (Haug et al. 2023).
e Decentralized data architecture and data mesh

Decentralised (full mesh) models provide solutions to observed issues with MDM approach.
For example, data mesh -approach decentralized paradigms have gained attention. In this
socio-technical concept, responsibility for data is shifted from a central team to business
domains that are closest to the data and best understand its context. (Goedegebuure et al.
2024.) Data Mesh is based on four core principles: (1) domain-oriented ownership, (2) data
as a product, (3) a self-serve data platform, and (4) federated computational governance

(Blohm et al. 2024).

From a universal Product identifier (UPI) perspective, decentralized ownership allows
technical product attributes to remain within product development (PLM), while commercial
enrichment is handled by sales or customer-facing units. This improves agility but requires
strong federated governance to ensure that data products produced by different domains

remain interoperable and reference the same ProductID (Uzhakova and Fischer 2024).
e Hybrid models and data fabric

In practice, organisations often adopt hybrid models that aim to combine centralized control
with decentralized agility. Data Fabric represents a technology-driven architecture that
creates a unified access layer over distributed data sources, using metadata and automation
to enable integration without physical consolidation (Blohm et al. 2024; Uzhakova and

Fischer 2024).

Haug et al. (2023) identify four strategic configurations that describe different combinations

of centralized and decentralized databases and governance:
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1. Centralized organization, where both databases and governance are centralized,
maximising control.

2. Autonomous business units, where both databases and governance are decentralized,
maximising flexibility but increasing the risk of data silos.

3. Coordinated business units, where databases are decentralized but master data is
governed centrally. This is a common hybrid model in large organisations.

4. Common infrastructure, where a shared platform is used while governance
responsibility is decentralized to business units (Haug et al. 2023).

3.8 Comparative Analysis and Decision Framework

The choice between centralization and decentralization is not binary but relies on balancing
the need for global consistency (crucial for a UPI) with the need for local agility. Table 7
summarizes the structural and functional differences between these approaches based on the

reviewed literature.

Based on findings in table 7. picking an architecture should reflect “a fit” to practical doing.
There 1s no saying that one strategy outperforms other. In practice, centralised yield a better
control for everything, if needed, but this usually hinders the agility of sub-domains. Agility
could be useful for example in producing composite products, but degrees of freedom may
cause problems in assembly-phase, if this process is not supported and managed in suitable

manner.
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(Feature) (Centralized) (Decentralized / Data Hybrid (Data Fabric)
Mesh)
Strategic Establish a Single Source of Maximise agility and Balance control and flexibility.
objective Truth. Eliminate silos and scalability. Datais treated  Provide a unified access layer
ensure global consistency  as a product (Dataas a over distributed data sources
(Haug et al. 2023). Product); Blohm et al. (Blohm et al. 2024; Uzhakova
2024). and Fischer 2024).
Data Central datateamor IT Domain-oriented Coordinated ownership. Core
ownership functionisresponsible for  ownership. Business units  data (e.g. ProductID) is
data quality and (e.g. sales, product governed centrally, while
maintenance (Haug et al. development) own and enrichment is handled within
2023; Vilminko-Heikkinen manage their data (Bode et domains (Haug et al. 2023).
2017). al. 2023; Goedegebuure et
al. 2024).
Governance  Top-down control with Federated computational Active metadata-driven
model strict, centrally defined governance. Minimal global governance. Automated rule
standards and policies standards; quality enforcement and semantic
(Bonthu 2025; Vilminko- responsibility lies with integration across system
Heikkinen 2017). domains; Goedegebuure et  boundaries (Blohm et al. 2024;
al. 2024). Uzhakova and Fischer 2024).
Role of Created and managedina  ProductID is a domain- ProductlD acts as a global
ProductID single system (e.g. MDMor produced data product (e.g. anchor that virtually links data
ERP). Changes require from PLM) consumed by across systems (e.g. ERP,
central approval (Bonthu others via interfaces CRM) (Uzhakova and Fischer
2025). (Uzhakova and Fischer 2024).
2024).
Scalability Low. The central team High. Responsibility is Moderate to high. Automation
becomes a bottleneck as distributed, allowing scaling and metadata-driven
data volume grows (Blohm  with organisational growth integration reduce manual
etal. 2024 (Goedegebuure et al. 2024). effort and support scaling
(Blohm et al. 2024).
Key challenge Slow response to business  Ensuring interoperability. Technological complexity.

change and risk of
detachment from business
context, leading to loss of
meaning (“data swamp”)
(Haug et al. 2023)

Risk of new silos without
strong federated
governance (Wider et al.
2023).

Requires advanced metadata
management and integration
architecture (Jahnke and Otto
2023).
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4 Case study data collection and data handling

4.1 Data collection process for the case study

The study applies an iterative, problem-driven case study design (see Chapter 2.2.1). Data
collection and refining problem scope progressed in iterations, where preliminary
observations were used to refine the follow-up tasks in research focus, the data catalog and

ProductID -concept related data collection. Data collection combined three main elements:

e familiarisation with the problem domain and relevant research literature,

e analysis of internal documentation and process models, and other organisation-
related sources

e discussions and semi-structured interviews with stakeholders of the Company ABC.

In the initial phase, data included discussions with the business department and a review of
internal documents and preliminary related literature. On this basis, an initial as-is view of
the product data landscape was constructed, identifying the main systems where product data
is stored, key process steps where product information is created, updated or used, and the

main organisational roles involved.

After the preliminary mapping, data collection was directed towards data products and the
data catalog concept, with a specific emphasis on defining a ProductID as the granular
reference unit. Internal documents and system extracts were used to identify existing
products, product variants and current coding practices in selected systems. The aim was to
clarify what kind of ProductID and metadata would be needed to support a future data

catalog.

In spring 2025, interviews focused on department-specific product features, product
practices, systems in use. Notes from these discussions were used to refine the AS-IS view

and preliminary ProductID requirements.
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In Fall 2025, a second interview round a Kipling SW1H framework (see Section 2.2.3) was
utilised for collecting data from stakeholders, product management, engineering, CRM and
data-analytics. The questions covered ownership and maintenance of ProductID and
attributes, information needs for different use cases, locations and systems where product
information is stored, lifecycle points where product data is created or updated, and how
ProductID should be used in daily work and analytics. Original transcribed material is for

internal use only. In this thesis the material is referred only at an aggregated thematic level.
The empirical material used in this study consists of:

e meeting notes from the problem-definition and scoping phase
¢ internal documents and process descriptions related to organizational functions
e notes from the first round of semi-structured interviews (spring 2025)

e transcripts and notes from the SW1H-based interviews (October 2025).

4.2 Data handling

Original organisational data could not be used directly in the thesis. It had to be transformed
into research data that protects confidentiality while preserving the structure and meaning
needed for analysis. For the thesis study scope, confidential data is not required for obtaining

results in thematic level.

All material was collected from Company ABC with permission. Before analysis, GDPR-
relevant personal data was excluded from the research dataset. Any information covered by
non-disclosure agreements was removed. System names, project identifiers, and other
potentially identifying details were removed or replaced with neutral labels (for example,
“system A”, “system B”) and this do not affect the analytical value. Participating
departments are reported as an aggregate level with no specific identifier. By doing so, a risk
of specific identifiability is minimised while still obtaining relevant results for research

problem.

Business department is not included for stakeholder interviews, but it was observing
discussions. Material from business department has collected during process and business

department has formed a perception of needed framework, where it needs other stakeholder
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departments input. Business department can be considered as owner of development project
of data catalog. Participating to interview could generate a bias to stakeholder perceptions
which should be avoided for bringing stakeholder “true voice” visible. Reflecting discussion
after interviews for preliminary analysis revealed that some observed existing issues were
already recognised by business department, but interviews offered also new insights from

stakeholders.
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5 Results

5.1 Mapping as-is/to-be states

The available empirical material was first analysed without imposing any pre-defined
models. The Basic distinction was evaluated between current state (as-is) and desired target
state (to-be). Thematic clusters were constructed from interview transcripts and internal
documentation, and the classification was conducted with a NotebookLM-tool according to

data inventory -process.

In summary, the as-is state of Company ABC is characterised by heterogeneity in product
naming practises, unclear operational responsibilities for data quality, and a fragmented
system landscape without a single source of truth. Product-related information is distributed
across several unconnected systems and spreadsheets, with weak or missing lineage between
sales, delivery, invoicing and analytics. Also, according to results, much of the necessary
contextual knowledge is tacit and person-dependent, leading to billing leakage, recurrent
reporting issues and limited visibility into product-level profitability, especially across

markets. The detailed results are presented in Table 8.

The observed themes also align closely with the findings from the research literature, as
summarised in the thematic synthesis in Table 2. The empirical results from Company ABC
support the core ideas across all domains in Table 2, referring to the same needs for
SSOT/MDM, governed ProductID/SKU management, semantic metadata and lineage, data

governance, and systematic data quality management.
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Table 8. Thematic characteristics from data with observations as-is and to-be

Key theme Consolidated observations (As-Is & To-Be)

1.Semantic  As-Is: The organisation suffers from fragmented naming practices. The same product may

heterogeneity have a technical code name (e.g. repository/URL label), a customer-specific nickname

and business used by sales, and a separate term in regulatory reporting. A shared business glossary is

glossary missing, which means stakeholders often do not recognise they are talking about the same
product. To-Be: A SSOT is required, where one persistent master ID links flexibly to
multiple aliases and marketing names.

2.Data As-Is: All stakeholder groups recognise one of departments as the natural master-data
governance owner. However, operational data stewardship is weak. Some units lack named persons
and responsible for data quality, and much of the knowledge is tacit “tribal knowledge” that
ownership disappears when people change roles. Existing literature supports the observation that
model unclear responsibilities lead to siloed ownership and fragmented control. To-Be: A clearer

governance model with explicit Data Steward roles in key functions is needed to
operationalise the agreed ownership.

3. System As-lIs: There is no single source of truth. Information is siloed across a documentation
architecture platform (portfolio), a work and project management tool (delivery/status), a partly

and Single incomplete technical product register, a sales system, and spreadsheet-based billing and
Source of hierarchy structures. To-Be: The target is not necessarily one monolithic system, but a
Truth federated model with a central metadata catalog that links to distributed source systems.

This allows data to be updated at the source while remaining discoverable and consistently
referenced without manual copying.

4. Data As-Is: Data flow breaks at critical process boundaries. When a product is sold in the sales
lineage and system and delivered by engineering/project execution, the information does not
integration automatically flow through to invoicing. This leads to direct financial losses (“billing

gaps leakage”) when delivered add-ons are not billed. Technical updates in core items do not

automatically propagate to the analytics layer, which breaks reporting and forces reactive
fixes. To-Be: End-to-end lineage and integration are needed so that changes in master data
and transactions consistently propagate to downstream billing and analytics.

5. ProductlD As-Is: The current identification practices do not fully support stable product Identity over

requirements time. Marketing names and organisational structures can change, and purely technical

and structure codes without context are not considered sufficient by non-technical users. To-Be: The
ProductID must be globally unique and persistent even when marketing names or
organisational structures change. The identifier should be human-readable and include a
clear reference to the product family or category, so that it also serves sales and business
users. A purely opaque technical code (e.g. a hexadecimal string) is not adequate without a
clear textual context.

6. Business As-Is: Weak master data prevents product-level profitability tracking and limits financial

impact and visibility. The organisation cannot reliably assess which international products or customer

risks relationships are truly profitable. The current manual and tacit-knowledge-based modelis a
barrier to expansion into other markets, where local naming practices differ significantly
from current domestic conventions. To-Be: A more robust ProductID and master-data
modelis needed to enable reliable profitability analysis and to support scalable operations
across multiple countries and markets.
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Theme 1: Semantics and Identity Management. As-is naming practices are fragmented. The
same product can have technical codename, a customer-specific sales name, and a regulatory
reporting term. This prevents stakeholders from recognising that they are referring to the
same entity. For to-be -state a permanent ProductID (follows Master ID principles) that links

flexibly to different aliases and marketing names.

The literature describes this as notation heterogeneity (Oliveira et al. (2023), which is a core
problem in master data management (Vilminko-Heikkinen 2017). Defining product data as
transaction data, it is linked to business processes, option to financials and production-
spesific data (Vilminko-Heikkinen 2017). When departments use their own terminology
without a shared metadata layer, communication breaks occur and “shadow SKUs” can
emerge. This distorts reporting (Jha, 2025). Framling et al. (2007) argue that to keep product
information consistent across organisational boundaries, the identifier (ID) must be “silent”
and permanent, while descriptive names (such as marketing terms) are mutable metadata.
ABC’s goal of a human-readable but stable identifier aligns with this principle. However,
the literature cautions against encoding too much semantics in the identifier because it can

become outdated (Framling et al., 2007).

The target state can be supported by Business Glossary functionality, which is a core
component of modern data catalogs. It enables contextual metadata (multiple names and
definitions) around the same ProductID without physically changing source system data
(Subramaniam et al., 2023; Olesen-Bagneux, 2023). Business glossary is not adequate; data
inventory or dictionary brings technical structure and previous are utilised for building actual

data catalog (DASCA n.d.).

Theme 2: Governance and Ownership. As-Is responsibilities rely on tacit “tribal
knowledge”. Even if a “natural owner” is recognised, operational data stewardship can be
weak, and knowledge becomes too person dependent. For To-Be -state a clearer governance

model with named Data Steward roles is a target.

This reflects the ownership paradox described by Vilminko-Heikkinen (2017): master data
i1s seen as important, but no one takes operational responsibility across silos (Vilminko-
Heikkinen, 2017). Data governance monitors the data quality and is central on-going process
for data lifecycle (Olesen-Bagneux, 2023). Dependence on tacit knowledge is typical

problem for data governance and can be considered as a risk.
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The literature recommends moving toward federated governance. A central body (e.g., a
Data Governance Council) sets standards, while domain experts/data stewards are

responsible for data quality in their own units (Haug et al., 2023; Uzhakova & Fischer, 2024).

Theme 3: System Architecture and siloes. As-is information is siloed across systems. There
is no single source of truth. Unique indentifiers can exist multiple domains. For To-Be -state
a federated architecture where a central metadata catalog links to distributed source systems,

is considered as a possible solution in Company ABC.

This is a common observation of data silos that prevents an end-to-end view. The literature
has shifted away from the assumption that all data must be copied into one physical store
(monolithic MDM). Instead, modern approaches position the data catalog as a “search
engine” that indexes where information is (discovery) without heavy data movement.

(Olesen-Bagneux, 2023; Jahnke & Otto, 2023).

The target state (central metadata catalog) aligns with the common infrastructure strategy
described by Haug et al. (2023): shared infrastructure and metadata, while business units
keep operational autonomy in their own systems. This fits ABC’s scope that operational data

should not (or cannot) be moved, but it must still become discoverable (Haug et al., 2023).

Theme 4 and 6: Data Lineage and Business Impact. As-is data flow breaks at process
boundaries (e.g., Sales — Invoicing), leading to unbilled work and delays. Profitability
cannot be tracked reliably at product level. In To-be -state end-to-end data lineage preserves

integrity across the Lead-to-Cash process for example. (Jha 2025).

Malfunctioning MDM can directly affect financial outcomes. Jha (2025) highlights that
MDM is critical for Lead-to-Cash (L2C) operation. If the ProductID changes or is lost for

example between CRM and ERP, automation breaks and manual errors increase. (Jha, 2025).

End-to-end lineage is a key capability provided by data catalogs. It visualises data flows and
dependencies and supports cause analysis (e.g., why an item was delivered but not billed)
(Tonnarelli et al., 2025). In addition, product-level profitability requires that product
hierarchy and structure (product morphology) are modelled consistently across the lifecycle

(Liu et al., 2021).
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5.2 Results from 5SW1H-metadata model

The SW1H analysis clarifies what kinds of metadata the ProductID must support so that it
can serve both the data catalog and the business needs of Company ABC. SW1H model
should provide better features for an asset with improved semantics and metadata. The aim
of it is to unify the perception of asset for users and use cases where one ProductID means
the same to every time. The SW1H results in Table 9 show clear gaps when compared with
established SKU management practices in table 4, which is the main topic of interest here.

The main issues relate to identification, governance, and classification.
1. Identification and structure

A basic requirement in SKU management is uniqueness: one identifier must point to one
product variant to support SSOT (Silvola et al., 2011; Staskiewicz et al., 2021). Table 9
shows inconsistency: the same entity may have technical, marketing, and customer-specific
names without a stable link between different notation. This breaks uniqueness and prevents
reliable interoperability between systems (DealHub, 2024). Also fixed and documented
naming syntax to reduce errors. In Table 9, naming is described as ad hoc and weakly
standardised. ABC’s stated need for a human-readable ID is aligned with the idea of
descriptive identifiers, but without a shared syntax the result is still ambiguous and slows

down discovery. (DealHub 2024).
2. Governance and quality

Effective SKU management requires a controlled creation process (e.g., New Item Request)
and clear ownership to prevent “shadow SKUs” (Jha, 2025). Table 9 describes a fragmented
truth: data is created and maintained across systems without one operating model. Ownership
is recognised at a general level, but operational roles are missing. There are no named Data
Stewards. This conflicts with the basic practice of assigning accountable owners for SKU
correctness (Silvola et al., 2011). Lifecycle control may be weak. Prior research stresses the
need to manage legacy items and retire obsolete SKUSs to reduce noise and costs (Battistello,
2020; Staskiewicz et al., 2021). Legacy versions and retiring products are handled manually

or only partly.
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3. Classification and hierarchy

SKU management requires taxonomy linkage: identifiers must be connected to a hierarchy
to enable reporting and attribute inheritance (Jha, 2025). The current model does not
systematically represent base entities, integrations, and add-ons. Without this hierarchy,

product-level profitability tracking is not reliable.

The same applies to attributes. Jha (2025) notes that user-defined attributes must be governed
to support configuration and reporting. Manual clarification is often needed to determine
what the product is. This indicates weak attribute standardisation. Without a structured
taxonomy, the financial transparency target in Table 9 cannot be reached, because products

cannot be consistently aggregated into reportable families and groups.

Overall, Table 9 suggests that ABC’s current practices do not meet key SKU management
requirements. The observed fragmented truth and manual links indicate missing governance
for identifier creation and missing taxonomy linkage. Moving to the target state requires a
governed unique identifier system, with agreed naming rules and lifecycle controls, as

emphasised in the literature (DealHub, 2024; Jha, 2025).
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Table 9. 5SW1H-model results from data

5W1H Themes of Key findings and data discovery insights
category research
questions
1. WHAT Existing product  Semantic inconsistency: The organisation lacks a unified business
(What datais names and glossary. The same entity has a technical name, a marketing name, and a
managed?) portfolios; customer/nickname. Composite structure: Products are not atomic but
naming consist of a base entity, integrations, and add-on components, which the
standards; current naming model does not capture systematically. Limited
related metadata standards: An existing identifier standard does not cover the full portfolio
and does not guide day-to-day work.
2. WHO Data ownership  Ownership consensus: All stakeholders see one unit as the natural owner
(Who owns  (Data Owner); of master data. Operational gap: some units have no nhamed Data

and uses the

Data Steward

Stewards; knowledge is largely tacit (“long-term employees just know”).

data?) roles; user Siloed roles can exist and the link to commercial management may be
groups weak.
3. WHERE System Fragmented truth: There is no single SSOT. Information is distributed

(Where is the
data

architecture;
Single Source of

across documentation/ tools (portfolio and documentation), work
management and project management systems (delivery and status), a

located?) Truth (SSOT); technical register, CRM and spreadsheets. Manual links: There is no
integrations identifier-based automated integration that links sales cases to delivery
and invoicing. Product feature limitations: The current MDM/data catalog
tool does not cover the full portfolio and does not support business needs.
4. WHEN Update cycles Breaks in data flow: Product updates do not automatically propagate to
(When is and history; data invoicing or customer views, causing “billing leakage” and risks to
data lineage; lifecycle customer commitments. Reactive behaviour: Analytics reports frequently
updated?) management break when registers change, because information about changes does
(LCM) not flow proactively through the lineage chain. Lifecycle management:
Management of legacy versions and retiring products is manual or partly.
5. WHY (Why Businessvalue;  Financial transparency: The current model prevents product-level
is data risks and profitability tracking; the profitability of international products is not known

maintained?)

requirements;
future vision

precisely. Scalability: Internationalisation requires moving away from tacit
knowledge and ad hoc, language-specific naming practices. Efficiency:
Manual clarification (“what exactly is this product?”) consumes expert
time.

6. HOW
(How is data
governed
and used?)

Governance
model; ProductID
formation;
implementation
of discovery

Unambiguous ID: A persistent ProductlD is needed that supports aliases
(synonyms) at the Ul level and remains human-readable (e.g. acronym-
based), not just a random string. Federated model: A central metadata
catalog should link to distributed systems (e.g. CRM, project
management, work management) instead of copying all data into a single
repository. MVP approach: Development should start from one clearly
defined product family before extending to the full portfolio.
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The results show that the identifier cannot be a purely technical number but must provide a
semantic connection across system and organisational silos by linking technical, commercial
and financial views of the same product. This requirement distinguishes the proposed

ProductID from an identifier that would serve only a static data inventory domain.

The emphasis on human readability and a composite, canonical structure connects directly
to the SKU domain discussed in Chapter 3.3.5. SKUs distinguish operational variants and
are positioned within a product hierarchy (family — group — SKU) to support reporting
and attribute reuse. Based on the preceding findings, a canonical SKU-like structure can be
outlined in which the pattern moves from higher-level groupings towards a granular entity.
The ProductID should be defined in practical terms: it should correspond to the unit that
users work with in daily operations and that forms the basic building block of the product

portfolio.

Formation of the ProductID is constrained by governance and catalog requirements. The
identifier must have a simple, structured, human-readable syntax and be governed by clear
ownership and stewardship rules (who can create, change and retire IDs, and under what

conditions).

Although the interviewed departments differed in their perspectives, they shared two needs:
aunique ProductID and a governance model to manage it. Each department also had domain-
specific requirements for what information the ProductID should capture. This requires
careful design, because not all information can—or should—be encoded into one identifier.
Adding too much detail reduces simplicity and makes the ProductID less robust over time.
However, an overly fixed ProductID that ignores departmental needs will not be adopted in
practice. In the worst case, it reinforces siloed usage and limits data reuse across

departments, which is the opposite of the intended outcome.

5.3 Canonical product identifier example

Findings from empirical part points following considerations. Mapping required and
benefitted from SW1H-approach during the process. As-is state based in initial information
gathered from business department and existing business process models could not provide

clear and concise view for designing a ProductID, which could meet all requirements.
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Principles for a ProductID based on obtained data:

1) A permanent, unique, human-readable ID, with an alias dictionary for different

departments use cases.
2) A composite model: separate Product, Variant, Feature and Instance (optional).

3) A central core + federated metadata: master fields are maintained in the core; deeper

technical/operational information is linked to source systems.

Framling et al. (2007) propose following requirements for globally unique identifiers: a)
simple; b) open; c¢) long-lived; d) standard; e) extensible; f) hierarchical; g) providing some
guarantee of uniqueness; h) distributed; 1) allowing private numbering; j) providing cost
effective registration; and k) cost-effective per item. From this requirements list can be
evaluated from a to g features, but for distributed, allowing private numbering or financial
are not plausible due to lack of real data. A rule of thumb in building a SKU is define broader
domains first and gradually move to detail. Usually alphabetical and numbers are accepted

for SKU, but its main essence is simplicity and human readability.

Here proposed structure is synthetic and not referring to real data. The canonical structure
of ProductID is the identity of a product/variant/version and instance suffix identifies for
example a concrete customer deployment. Suffix is not part of the canonical ID, which can
be attributed with customer or project tag. In a linear setting straightforward notation is
simple for building a unique identifier. Whenever complexity increases even slightly e.g.
dimensions of product change, from feature to unique identifier type discussion it requires

careful designing from every aspect to make it work properly.

e <DOMAIN>-<PRODUCT>-<VARIANT>-<VERSION> [ (@ <CUSTOMER>]
Component structure
1. DOMAIN - Short code for the portfolio layer (fixed list).

Examples: Car type, wagon, saloon, convertible, with corresponding acronyms 3 or 4 first

letter, WAGO, SALO and CONV.

2. PRODUCT - Family within the domain (fixed list per domain). Examples: Toyota,

Volkswagen; refining actual product and likely static notation.
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3. VARIANT - Functional variant or integration target (controlled vocabulary; can grow),

car models, Avensis, Corolla, Bora, Passat.

4. VERSION — management. Semantic version: MAJOR and MINOR (e.g., 2.1). Major
changes = schema/semantics breaking; Minor = non-breaking. In car manufacturing this
would refer to generations or face-lifts. For example, manufacturing year may not always
reveal true version of vehicle, for example Toyota produced 3 different versions of same

framework T22 2.0L diesel Avensis in year 2000.

5.Instance suffix (optional), Used only for deployments and environments; never for the
canonical record. Customer in this case could be the owner of a vehicle, but owner is never

a part of ProductID/ SKU. Instance suffix can contain other case relevant data also.

Even though presented product Identifier example is general level and brief, applying it into
practice requires many phases in data discovery process. In this stage of project browsing

and identifying data products has only begun, results evolve during the iteration process.
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6 Discussion and conclusions

6.1 Findings for research questions RQ1, RQ2 and RQ3

RQ 1. What are best practices for improving company ABC data management strategy

in defining product Identifier for a data catalog based on existing literature?

Research question RQ1 set very influential context for a thesis: how to choose suitable
technology and service for applying or updating data catalog? Problem is first choosing from
plethora of tool options (Tonnarelli 2025), second problem is how to know or to define one’s
own requirement for system. Applying modern data inventory or catalog system is a time

demanding project, expensive and usually system is supposed to serve years.

Based on the literature, the “best practices” for data management strategy and ProductID
formation do not appear as isolated technical measures. Instead, they form a
multidimensional sociotechnical entity. It depends on three dimensions working together:
governance (decision rights), semantics (shared definitions), and product morphology

(product structure).

First, the strategic approach to data management requires a shift from purely technical
execution toward building organisational capabilities. As Vilminko-Heikkinen (2017)
underlines in her dissertation, Master Data Management (MDM) should be understood as an
organisation-wide function where technology acts as an enabler rather than an endpoint. In
this view, the most suitable solution is not a static target state, but a dynamic federated
governance model that balances centralised control with decentralised expertise. Haug et al.
(2023) show that organisations must choose an architecture that allows business units (such
as sales or product development) operational autonomy while maintaining shared
infrastructure for critical master data such as ProductID. This approach addresses the
limitations of “one size fits all” thinking, where rigid centralisation often suppresses business

agility (Haug et al. 2023; Otto 2011).
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Second, ProductID design must follow how the product exists across its lifecycle. Liu et al.
(2021) distinguish three levels: conceptual (the idea and requirements), digital (the defined
product representation), and physical (the delivered instances). A practical approach is to
attach the persistent ProductID (Master ID) to the digital product level. The digital product
then links requirements to physical instances, while keeping the identifier stable. This
reduces fragmentation of the ID space and supports a “single source of truth” where one
master record remains the source of truth throughout the life cycle process (Jha 2025; Liu et

al. 2021).

Third, a data management strategy must address the challenge of data discovery. A technical
identifier alone is insufficient if its context remains unclear. Subramaniam et al. (2023) and
Olesen-Bagneux (2023) emphasise that an effective solution requires a rich metadata layer
that answers the SW1H questions (Why, What, Who, Where, When, How). This semantic
layer transforms a passive identifier into an active information asset, enabling understanding
across organisational boundaries without continuous manual interpretation (Subramaniam et

al. 2023).

As for Company ABC structural choice would be hybrid architecture, due several working
domains, but some form of centralization is required for managing complex data products.
Problems observed based on data did not actually bring new topics, only surprise was that

observed problems were already addressed well in research literature for this case.

RQ 2. What ProductID-related requirements and problems are identified in Company
ABC, and how do they map to the literature-based best practices?

The challenges identified in Company ABC’s empirical data—naming inconsistencies, data
silos, and an unclear product structure—are not merely operational issues. They indicate a
structural gap between the current state and the target state described in the literature. These

issues can be addressed by applying the RQ1 framework to Company ABC’s context.

Notation heterogeneity and naming practices. Company ABC shows a typical “one thing,
many names” problem (e.g., technical name versus commercial name), which reflects lack
semantic governance. The literature suggests that this is not solved by enforcing a single

name, but by implementing a metadata-driven model. Subramaniam et al. (2023) propose a
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SW1H-based data catalog that allows multiple aliases (What), while linking them to one
persistent identifier and defining each alias’s purpose (Why) and owner (Who). In Company
ABC, this would allow sales and product development to keep their domain language while
maintaining reference integrity through the shared identifier (Subramaniam et al. 2023; Otto

2011).

Data silos and lack of integration. Data scattered across applications without a unifying
mechanism point to an architectural gap. The primary solution is not to centralise all data
physically, which is often costly and risky, but to improve virtual integration and discovery
through a data catalog. Olesen-Bagneux (2023) and Haug et al. (2023) argue that modern
governance relies on a metadata layer that indexes location (Where) and origin (lineage)
while keeping operational systems autonomous. In Company ABC, this means using
ProductID as the linking key across systems within a federated governance model (Haug et

al. 2023; Jha 2025).

Product structure and lifecycle management. Company ABC’s difficulty in relating product
variants and features indicates a need for explicit product morphology. Liu et al. (2021) and
Jha (2025) recommend a parent—child model where the master-level identifier represents the
digital product, and variants inherit core properties. Combined with a controlled New Item
Request (NIR) process (Jha 2025), this reduces “shadow IDs” and ensures de-duplicated
creation of new identifiers. For Company ABC, the direct benefit is more systematic
portfolio control and reduced revenue leakage caused by ambiguous product definitions in

billing (Jha 2025; Liu et al. 2021).

Overall, mental model SW1H provided insights help to map addressed difficulties and draw
wider concept for requirements for defining an asset which could be utilized also in modern

data catalog environment.
RQ3 What kind of proof-of-concept can be developed for support this work?

As an example, a canonical product identification was proposed in part 5.3 for addressing
this. Canonical structure starts from general domain and gradually refines into smaller
details. Before actual proof-of-concepting is done, it is not known whether such simple

structure of ProductID can actually perform with real data, most likely some adjustments
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have to be made. Based on literature (Framling 2007, Jha 2025) canonical and modular
structure should grasp some required elements, but linking to several distinct sources,

answering requires empirical experimentation.

6.2 Utilisation of results

The results of this study provide value on two levels: first, through concrete improvements
within the case organisation, and second, by offering a generalisable conceptual
understanding of product-information management and data catalog development in
fragmented ICT environments. The empirical work shows that a seemingly simple task—
“create a product catalog and define a ProductID rule”—quickly becomes a multi-layered
challenge once real systems, maturity levels, and organisational practices are considered and
they are not operating in assumed synchronization. This aligns with prior research in MDM
and data catalog initiatives, where the technical component is relatively straightforward, but
the true complexity emerges from governance, ownership, responsibilities, and integration
boundaries (Haug et al. 2023; Subramaniam et al. 2023; Kropshofer et al. 2025). The case
illustrates a recurring phenomenon noted in the literature: the complexity becomes visible

only once the organisation attempts to implement the model in practice.

Within the organisation, the results have supported ongoing development of a data catalog
and productID practices. The analysis clarified what it means to take metadata management
seriously at full scale: governance structures, ownership models, process responsibilities,
and integration principles need to be established before any tool can provide value. This
reflects observations that MDM and catalog initiatives are organisational transformations
rather than purely technical deployments (Haug et al. 2023; OpenText 2020). The interviews
and analyses also facilitated cross-departmental understanding by exposing inconsistent
practices that prevent unified product-ID logic or transparent product inventory. This has
improved readiness for advancing both the ICT environment and the staged implementation

of a data catalog.

Methodologically, the study follows the iterative and problem-driven case-design approach
outlined by Runeson and Host (2009). The research process fits their “flexible designs”
category, which is suitable for complex and dynamic real-world phenomena, such as

software-engineering workflows and organisational data practices. In this study, iterative
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refinement, shifting focus, and the interplay between literature, interviews, and proof-of-
concept activities together form a coherent chain of evidence leading from the initial problem
to the final conceptualisation. While the evidence chain is not perfect, it is sufficiently

consistent to support the conclusions within the case context.

A well-known limitation of case studies is restricted generalisability. However,
generalisability is not a central requirement for these kinds of case study. The intended
contribution is analytical rather than statistical generalisation: the findings describe and
structure a problem pattern that is recognisable in many organisations with similar maturity
levels. The observed challenges—Ilack of visibility to data products, fragmented system
landscapes, unclear responsibilities, and the operational burden of metadata—closely match
those documented in research literature. In this sense, the case serves as an illustrative
example of how known issues manifest in practice and how they can be approached through

productID design and data catalog development.

More broadly, the study provides a consolidated view of how product catalogs, product-1D
principles, master data management, and data catalogs can be combined into a practical
governance framework. The resulting model and the SW1H-based metadata structure offer
a usable foundation for other organisations facing similar fragmentation and limited
visibility into their data products. The study also integrates a literature field that is scattered
across MDM, data catalog tooling, and PLM/product-structure perspectives. It responds to
a commonly noted gap: operational research on governance, adoption, and metadata

management remains limited compared to technology-focused studies.

6.3 Reliability and validity of results

This is a single-case study in a specific context; therefore, results are not generalisable
widely. The empirical material and the full research process, however, show strong support
for themes and problem patterns reported in data management literature. Many of the
challenges in the case followed these earlier descriptions almost in a “textbook” manner. In

that sense, the study does not contradict existing research but lends support to it.

A main limitation concerns the literature search. Several academic search engines were used,

but no clear set of shared, “high-impact” articles emerged across them. There are a few likely
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reasons. First, the keywords and subject terms used in this thesis may have been too broad
or not fully aligned with how the field labels itself. Second, the volume of potentially
relevant literature is large and each search engine ranks and indexes results differently.
Third, the specific area around data catalogs, product-centric governance and modern
metadata practices is relatively young and less covered than traditional IT or information-
systems topics. For example, the AI2 Asta search mainly returned relevant work from about

2012 onwards, even without an explicit time limit.

Given these limitations, the literature base cannot be claimed to be exhaustive. It is, however,
consistent enough to support the main conclusions. Based on the selected sources, the thesis
can answer the case Company’s challenge in a reliable way. The fit between the observed
problems and the themes reported in the literature suggests that the findings are likely to be

useful in other organisations with a similar maturity level and system landscape.

The proposed solution patterns also appear suitable for implementation, but they are not a
one-size-fits-all blueprint. Several alternative ways forward are outlined. The case Company
must decide which requirements are essential, how detailed the ProductID needs to be, and
what kind of as-is and to-be transition can realistically be managed. The validity of the results

in practice depends on these choices.

Finally, the proof-of-concept built around the synthetic example validates the internal logic
of the ProductID model and the SKU-style notation. It shows that the concept can be
instantiated in a controlled setting. At the same time, it does not reproduce all aspects of real
data, legacy constraints or integration issues. Its role is to test the structure and readability
of the proposed ProductID, not to simulate a full production environment. Further validation

in real use would be needed to assess long-term performance and impact.

6.4 Further research recommendations

During the research process a clear gap emerged that this thesis cannot address. Only a small
number of higher-level studies or doctoral theses were found that examine the
implementation of MDM or data catalogs specifically for data-based products. Research on
physical product master data is more established, but the management of data products is

developing rapidly as new technologies, architectures and governance models appear. This
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creates a need for studies that follow implementation work in practice, compare different

organisational environments and analyse how data-product governance matures over time.

A second gap concerns terminology and notation. The field is fragmented and inconsistent.
Core concepts such as data inventory, data catalog, business glossary, data marketplace, data
fabric, data mesh, metadata repository and several related acronyms are used differently
across vendors, research papers and practitioners. This inconsistency complicates
communication between business, IT and data teams and makes governance structures
harder to define. More systematic research is needed to clarify, standardise and compare
these terms and their relationships. Such work would support both academic inquiry and the
practical development of clearer, more reusable patterns for product-ID structures, metadata

models and data-product governance.
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7 Summary

This study examined Company ABC’s data product management problem: a unique
ProductID has not been standardised for shared, central use. As a result, product data

management is fragmented across departments and systems.

Company ABC uses multiple naming practices for the same product information. Over time,
these drives siloed and diverging ways of working. Lineage and traceability weaken, and the
data product becomes effectively “unmanaged”. These issues typically become visible only

when operations scale up and growing entropy turns into operational friction.

The literature provides several solution models for improving data catalog capabilities, but
it also shows that the problem is not solved by technology alone. Across master data and
product catalog contexts, the core requirement is governance: clear decision rights, agreed
operating practices, and consistent methods for creating and using ProductIDs. These

elements must be addressed together to achieve a sustainable outcome.

In the empirical part, the material was used to describe Company ABC’s current state and to
translate the observed themes into requirements aligned with the best-practice framework.
Results from Kipling’s SW1H model were used to specify what a functioning ProductID
requires from a metadata perspective. The model supports a shared, stakeholder-readable

description of the same product across different data users.

Finally, data catalog research has lagged technical development. As data volumes and
organisational complexity grow, the need for structured discoverability and metadata-driven
governance increases. Modern data catalog solutions therefore have a central role in

improving enterprise data management.



60

References

Aho, T., Sievi-Korte, O., Kilamo, T., Yaman, S. G. & Mikkonen, T. 2020. Demystifying
data science projects: A look on the people and process of data science today. In: Felderer,
M., Mintyld, M. V., Ferrarotti, F. & O’Connor, R. V. (eds.) Product-Focused Software
Process Improvement (PROFES 2020). Lecture Notes in Computer Science. Vol. 12562, pp.
3-20. Springer. https://doi.org/10.1007/978-3-030-64148-1 1

Ardito, L., Cerchione, R., Mazzola, E. & Raguseo, E. 2022. Industry 4.0 transition: A
systematic literature review combining the absorptive capacity theory and the data—
information—knowledge hierarchy. Journal of Knowledge Management. Vol. 26, no. 9, pp.

2222-2254. https://doi.org/10.1108/JKM-04-2021-0325

Atlan. 2023. Data inventory vs data catalog. Available at: https://atlan.com/data-inventory-
vs-data-catalog/ (Accessed 1.8.2025).

Atlan. 2024. What is a business glossary? Available at: https://atlan.com/what-is-a-business-
glossary/ (Accessed 10.12.2025).

Babu, B., Moser, B., Papudesu, C. & Romero, L. 2023. Data Catalogs for Dummies: Collibra
Special Edition. Hoboken, NJ: John Wiley & Sons, Inc. Available at:
https://www.collibra.com/blog/data-catalogs-for-dummies-is-available-now (Accessed

21.12.2025).

Battistello, L. 2020. The digitalization journey of product information management.
Doctoral  dissertation.  Technical = University of Denmark. Available at:
https://orbit.dtu.dk/en/publications/0672098a-b87c-4418-82e9-c8705134b9fb  (Accessed
21.12.2025).

Battistello, L., Haug, A., Suzic, N. & Hvam, L. 2021. Implementation of product information
management systems: Identifying the challenges of the scoping phase. Computers in

Industry. Vol. 133, 103533. https://doi.org/10.1016/j.compind.2021.103533

Blohm, I., Wortmann, F., Legner, C. & Kobler, F. 2024. Data products, data mesh, and data
fabric. Business & Information Systems Engineering. Vol. 66, no. 5, pp. 643—652.
https://doi.org/10.1007/s12599-024-00876-5



61

Bonthu, C. 2025. The role of data governance in strengthening ERP and MDM collaboration.

International Journal of Computational and Experimental Science and Engineering

(IJCESEN). Vol. 11, no. 3, pp. 6266-6287.

Bragg, J., D’Arcy, M., Balepur, N., Bareket, D., Dalvi, B., Feldman, S., Haddad, D., Hwang,
J. D., Jansen, P., Kishore, V., Majumder, B. P., Naik, A., Rahamimov, S., Richardson, K.,
Singh, A., Surana, H., Tiktinsky, A., Vasu, R., Wiener, G., Anastasiades, C., Candra, S.,
Dunkelberger, J., Emery, D., Evans, R., Hamada, M., Huff, R., Kinney, R., Latzke, M.,
Lochner, J., Lozano-Aguilera, R., Nguyen, C., Rao, S., Tanaka, A., Vlahos, B., Clark, P.,
Downey, D., Goldberg, Y., Sabharwal, A. & Weld, D. S. 2025. AstaBench: Rigorous
benchmarking of Al agents with a scientific research suite. arXiv preprint.

arXiv:2510.21652. https://doi.org/10.48550/arXiv.2510.21652

DAMA. n.d. What is data management? DAMA International. Available at:
https://dama.org/about-dama/what-is-data-management/ (Accessed 10.9.2025).

Data Science Council of America (DASCA). n.d. What is data inventory and how to create
it effectively? Available at: https://www.dasca.org/world-of-data-science/article/what-is-

data-inventory-and-how-to-create-it-effectively (Accessed 1.7.2025).

DealHub. 2025. What is SKU management? Available at: https://dealhub.io/glossary/sku-
management/ (Accessed 1.9.2025).

Ehrlinger, L., Schrott, J., Melichar, M., Kirchmayr, N. & WoB, W. 2021. Data catalogs: A
systematic literature review and guidelines to implementation. In: Kotsis, G. et al. (eds.)
Database and Expert Systems Applications — DEXA 2021 Workshops. pp. 148-158.
Springer Nature Switzerland AG. https://doi.org/10.1007/978-3-030-87101-7 15

Fernandez, R. C., Subramanian, V., Franklin, M. J. & Kraska, T. 2020. The data station:
Combining data, compute, and market forces. Proceedings of the VLDB Endowment. Vol.

13, no. 12, pp. 1933—-1947. https://doi.org/10.14778/3407790.3407809

Garouani, M., Ravat, F. & Valles-Parlangeau, N. 2025. Model lake: A new alternative for

machine learning models management and governance. Preprint. (Accessed 21.12.2025).

Goedegebuure, A., Kumara, 1., Driessen, S., van den Heuvel, W.-J., Monsieur, G., Tamburri,
D. A. & Di Nucci, D. 2024. Data mesh: A systematic gray literature review. ACM
Computing Surveys. Vol. 57, no. 1. https://doi.org/10.1145/3687301



62

Gomm, R., Hammersley, M. & Foster, P. (eds.) 2009. Case study method. SAGE
Publications Ltd. https://doi.org/10.4135/9780857024367

Gomm, R., Hammersley, M. & Foster, P. 2011. Case study and generalization. In: Gomm,
R., Hammersley, M. & Foster, P. (eds.) Case study method. pp. 98—115. SAGE Publications
Ltd.

Gualo, F., Caballero, 1., Rodriguez, M. & Piattini, M. 2023. A data quality model for master
data repositories. Informatica. Vol. 34, no. 4, pp. 795-824. https://doi.org/10.15388/23-
INFOR534

Haug, A., Staskiewicz, A. M. & Hvam, L. 2023. Strategies for master data management: A
case study of an international hearing healthcare Company. Information Systems Frontiers.

Vol. 25, no. 6, pp. 1903—-1923. https://doi.org/10.1007/s10796-022-10323-z

Hoseini, S., Theissen-Lipp, J. & Quix, C. 2023. Semantic data management in data lakes.
In: Proceedings of the 34th Conference on Scientific and Statistical Database Management

(SSDBM). ACM.

Jha, D. 2025. Orchestrating clean data: Master data management across the lead-to-cash

lifecycle. Journal of Information Systems Engineering and Management. Vol. 10, no. 36s,

1196.

Krishnan, K. 2020. Building big data applications. 1st ed. Academic Press. ISBN 978-0-12-
815804-3.

Kropshofer, J., Schrott, J., W68, W. & Ehrlinger, L. 2025. A survey on the functionalities of
data catalog tools. IEEE Access. Vol. 13, pp- 83297-83317.
https://doi.org/10.1109/ACCESS.2025.3568542

Legner, C., Pentek, T. & Otto, B. 2020. Accumulating design knowledge with reference
models: Insights from 12 years’ research into data management. Journal of the Association

for Information Systems. Vol. 21, no. 3, pp. 735-770. https://doi.org/10.17705/1jais.00618

Li, Y., Wan, L. & Xiong, T. 2011. Product data model for PLM system. International Journal
of  Advanced  Manufacturing  Technology.  Vol. 55,  pp. 1149-1158.
https://doi.org/10.1007/s00170-010-3130-4



63

Liu, G., Man, R. & Wang, Y. 2021. A data management approach based on product
morphology in product lifecycle management. Processes. Vol. 9, no. 7, 1235.

https://doi.org/10.3390/pr9071235

Lukyanenko, R. 2024. The MAGIC of data management: Understanding the value and

activities of data management. Preprint.

McLeod, S. 2023. Karl Popper: Theory of falsification. Simply Psychology. Available at:
https://www.simplypsychology.org/karl-popper.html (Accessed 7.12.2025).

Meierhofer, J., Stadelmann, T. & Cieliebak, M. 2019. Data products. In: Braschler, M.,
Stadelmann, T. & Stockinger, K. (eds.) Applied data science. Springer, Cham.
https://doi.org/10.1007/978-3-030-11821-1 4

Olesen-Bagneux, O. 2023. The enterprise data catalog: Improve data discovery, ensure data

governance, and enable innovation. O’Reilly Media.

Oliveira, M. A. P. et al. 2023. Semantic modelling of organisational knowledge as a basis

for enterprise data governance 4.0 — Application to a unified clinical data model. Preprint.

OpenText. 2020. Demystifying data science. Available at:
https://www.scribd.com/document/816260076/opentext-demystify-data-science-white-
paper (Accessed 1.9.2025).

Popper, K. 1959. The logic of scientific discovery. University Press.

Richey, R. C. & Klein, J. D. 2005. Developmental research methods: Creating knowledge
from instructional design and development practice. Journal of Computing in Higher

Education. Vol. 16, no. 2, pp. 23-38.

Runeson, P. & Host, M. 2009. Guidelines for conducting and reporting case study research
in software engineering. Empirical Software Engineering. Vol. 14, pp. 131-164.

https://doi.org/10.1007/s10664-008-9102-8

Silvola, R., Jaaskelainen, O., Kropsu-Vehkapera, H. & Haapasalo, H. 2011. Managing one
master data — challenges and preconditions. Industrial Management & Data Systems. Vol.

111, no. 1, pp. 146-162. https://doi.org/10.1108/02635571111099776



64

Singh, D. & Kaur, D. 2020. Data profiling model for assessing the quality traits of master
data management. International Journal of Recent Technology and Engineering (IJRTE).

Vol. 8, no. 6.

Spruit, M. & Pietzka, K. 2014. MD3M: The master data management maturity model.
Computers in Human Behavior. Vol. 51, pp- 1068-1076.
http://dx.doi.org/10.1016/j.chb.2014.09.030

Stadelmann, T. et al. 2013. Applied data science in Europe — Challenges for academia in
keeping up with a highly demanded topic. European computer science summit ECSS 2013.

Amsterdam: Informatics Europe.

Staskiewicz, A., Hvam, L. & Haug, A. 2021. The role of SKU management in SKU
rationalisation projects. In: 2021 IEEE International Conference on Industrial Engineering
and Engineering Management (IEEM). IEEE.
https://doi.org/10.1109/IEEM50564.2021.9672940

Strengholt, P. 2022. Data Mesh: The balancing act of centralization and decentralization.
Available at: https://medium.com/data-science/data-mesh-the-balancing-act-of-

centralization-and-decentralization-f5dcObb54bct (Accessed 15.12.2025).

Subramaniam, P., Ma, Y. & Castro Fernandez, R. 2021. Comprehensive and comprehensible
data catalogs. Proceedings of the VLDB Endowment. Vol. 14, no. 12, pp. 2874-2877.
https://doi.org/10.14778/3476311.3476376

Subramaniam, P. et al. 2023. Comprehensive and comprehensible data catalogs: The what,
who, where, when, why, and how of metadata management. Proceedings of the ACM on

Management of Data. Vol. 1, no. 2, pp. 1-28. https://doi.org/10.1145/3589771

Tonnarelli, M. et al. 2025. Data catalog tools: A systematic multivocal literature review.
Journal of Systems and Software. Vol. 230, 112584.
https://doi.org/10.1016/].Js5.2025.112584

Uzhakova, N. & Fischer, S. 2024. Data-driven enterprise architecture for pharmaceutical
R&D. Digital. Vol. 4, no. 2, pp. 333-371. https://doi.org/10.3390/digital4020017

Vainio, O. 2025. Data, datatalous ja kasvu — pelikirjasta vauhtia uusien liiketoimintamallien

ideointiin. Business Finland. Available at: https://www.businessfinland.fi/palvelut/tieto-ja-


https://doi.org/10.3390/digital4020017

65

neuvonta/tietopankki/blogit/2025/data-datatalous-ja-kasvu--pelikirjasta-vauhtia-uusien-

liikketoimintamallien-ideointiin/ (Accessed 21.12.2025).

Vilminko-Heikkinen, R. 2017. Data, technology, and people: Demystifying master data

management. Doctoral dissertation. Tampere University of Technology. (Publication 1457).

Vilminko-Heikkinen, R. & Pekkola, S. 2019. Changes in roles, responsibilities and
ownership in organizing master data management. International Journal of Information
Management. Vol. 47, pp- 76-87. Available at:
https://doi.org/10.1016/j.ijinfomgt.2018.12.017

Wider A, Verma S, Akhtar A (2023) Decentralized data governance as part of a data mesh
platform: concepts and approaches. In: IEEE International conference on web services,

Chicago. https://doi.org/10.1109/ICWS60048.2023.00101

Yang, W., Fu, R., Amin, M. B. & Kang, B. 2025. The impact of modern Al in metadata
management. Human-Centric  Intelligent  Systems. Vol. 5, pp. 323-350.
https://doi.org/10.1007/s44230-025-00106-5

Yin, R. K. (2018). Case study research and applications: Design and methods (6th ed.).
SAGE. ISBN 9781506336169.

Zasadzinski, M. et al. 2021. The trip to the enterprise gourmet data product marketplace

through a self-service data platform. Preprint.

Zuiderwijk, A., Jeffery, K. & Janssen, M. 2012. The potential of metadata for linked open
data and its value for users and publishers. Je(DEM — eJournal of eDemocracy and Open

Government. Vol. 4, no. 2, pp. 222-244.


https://doi.org/10.1007/s44230-025-00106-5

66

Appendix 1. Ai2 Asta literature search

Prompting Ai2 Asta LLM literature search (https://asta.allen.ai/)

input: [Papers discussing: data glossary or catalog processes and discovery, focusing on

building a single source of truth and unique data product Identification. Include works

related to Master Data Management (MDM), Product Information Management (PIM), and

related principles. ]

Ai2 Asta output:

The search criteria have been broadened to include a wider range of topics such as
metadata management, data governance, data lineage, data quality, and unique
identifiers, as well as papers presenting reference architectures, frameworks, best
practices, or case studies, even if their connection to the original focus is indirect or

broader.

Judged by the following relevance criteria:

Data Glossary/Catalog Processes: The paper discusses processes related to creating,
maintaining, or using data glossaries or data catalogs. This includes workflows,
methodologies, and best practices for managing metadata.

Single Source of Truth: The paper addresses the concept of establishing a single, reliable
source of data within an organization. This includes discussions on data consolidation,
data quality, and data governance to ensure data consistency and accuracy.

Unique Data product Identification: The paper focuses on methods for uniquely
identifying data products or datasets. This includes techniques for assigning unique
identifiers, versioning, and tracking data lineage to ensure data products can be easily
located and understood.

MDMY/PIM Principles: The paper incorporates principles from Master Data Management
(MDM) or Product Information Management (PIM). This includes discussions on data
domains, data modeling, and data stewardship to manage master data or product
information effectively. The paper should explicitly relate these principles to data

glossaries/catalogs.
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Search yielded 200 papers meeting some of criteria, 22 tagged with most relevance based on

prompting, which were included to next phase of literature evaluation.
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