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Abstract

In today’s data driven world, new developments in data management are constantly
sought after. Data Contracts and Data Sharing Agreements are presented as a po-
tential resolution to some issues facing the data management world, including data
security, data sharing, and facilitating improvements in data culture. This thesis
contributes to the existing literature in Data Contracts and Data Sharing Agree-
ments by examining how they are seen by different employees in a case company.
By conducting semi-structured interviews with 10 participants in data-related roles
in three separate business units within the same company, this thesis set out to find
hopes, fears, value and pain points related to the use and implementation of Data
Contracts and Data Sharing Agreements, both within the business areas and the
organization as a whole.

The main findings of this study, identified through thematic analysis, are focused
on the forces that the participants feel are hindering the adoption of Data Contracts
and Data Sharing Agreements. These include factors such as the pull between local
autonomy and organizational steering, challenges in balancing data protection with
data democratization, as well as unclarity in roles, ownership and the leading of
data culture. This thesis presents concrete managerial suggestions to improve the
situation, such as clarifying roles and responsibilities and prioritizing groundwork
in data work.

Keywords Data Contract, Data Sharing Agreement, Data Governance, Data Man-
agement, Data Culture, Data Democratization, Data Protection
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Tiivistelma

Tiedonhallinta ottaa uusia kehitysaskeleita jatkuvasti nykypéivin datavetoisessa
maailmassa. Datakontrakteja ja datanjakosopimuksia on esitetty mahdollisina
ratkaisuina tiedonhallinnan ongelmiin, kuten tietoturvaan, tiedonjakoon ja
datakulttuurin parantamiseen. Tama opinniytety0 tdydentdd olemassa olevaa
datakontrakteja ja datanjakosopimuksia Kkisittelevaa kirjallisuutta tutkimalla,
miten eri tyontekijat nikevat ne tapausyrityksessd. Tutkielmassa haastateltiin
kymmenta dataan liittyvissd tehtdvissd toimivaa henkilod kolmessa
liiketoimintayksikossa saman yrityksen sisédlla. Ndin pyrittiin 16ytdmaan toiveita,
pelkoja, arvoja ja  kipukohtia, jotka liittyvit datasopimusten ja
tiedonjakosopimusten kayttoon ja tiytdntoonpanoon eri alueilla, mutta myos koko
organisaation laajuisesti.

Pro Gradu- tutkielman keskeisimmait tulokset, jotka tunnistettiin temaattisen
analyysin avulla, liittyvat haastateltavien kokemuksiin datakontraktien ja
datanjakosopimusten kayttoonottoa hidastavista tekijoista. Naita tekijoitd ovat
esimerkiksi liiketoimintayksikdiden autonomian ja organisaatiotason ohjauksen
vilinen ristiriita, haasteet tietosuojan ja datan demokratisoinnin
tasapainottamisessa seki epaselvyydet roolien, omistajuuden ja datakulttuurin
johtamisen kanssa. Tama opinnaytety0 esittda tulosten pohjalta konkreettisia
kehitysehdotuksia, kuten roolien ja vastuiden selkeyttamista sekd datatyon
pohjatyon priorisointia.

Avainsanat Datakontrakti, datanjakosopimus, tietohallinta, datahallinta,
tietojohtaminen, datajohtaminen, datakulttuuri, datademokratisaatio, tietosuoja
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1 Introduction

This thesis looks into Data Contracts and Data Sharing Agreements, as they
are seen by different employees in a case company. By interviewing 10 differ-
ent people in data-related roles within the same company, this thesis aims to
find hopes, fears, value and pain points related to the use and implementa-
tion of Data Contracts and Data Sharing Agreements.

1.1 Background and Motivation

This Master’s Thesis is conducted in collaboration with a Finnish forest in-
dustry company UMP Kymmene Oyj (UPM). The company is comprised of
several different business areas (BAs), which operate under the same con-
glomerate. Within this thesis, when discussing the whole organization, it is
referred to as the Group. Some functions are global and serve the entire
Group, including the information technology (IT), legal and sourcing depart-
ments. UPM is vertically integrated, as it owns multiple stages of production
and the supply chain, from raw materials to final products. As the different
business areas can act as each other's suppliers and competitors in different
instances, information sharing principles must consider ethical and compet-
itive limitations and avoid possible conflicts of interest.

Similarly to how shared functions serve multiple business areas, some data
in UPM is also utilized by multiple BAs. Data development in the Group is
done both ‘in-house’ by the business areas, but also in a centralized manner
under the global IT department. This means that data pertaining to separate
business areas, which could be deemed sensitive or in breach of competition
law if shared, can be managed and shared forward by the same IT entity.
Drawing the line between useful information sharing (e.g. sharing best prac-
tices or shared semantics) within business areas and shielding sensitive in-
formation (e.g. financials or personnel data) from being misplaced is not an
easy task. Through Data Contracts (DC) and Data Sharing Agreements
(DSA), data flows can be technically and contractually safeguarded from mis-
use, alleviating the risk of competitive breaches or loss of value.

The growing complexity of modern data ecosystems has solidified the need
for robust, transparent, and interoperable governance mechanisms (Hassani
et al., 2025; Abraham et al., 2019). As organizations increasingly adopt de-
centralized data architectures, traditional models of control and accountabil-
ity are being redefined (Dehghani, 2019; Ahlawat et al., 2023; Ravva, 2025).
In this evolving landscape, Data Contracts and Data Sharing Agreements



have emerged as possible instruments for formalizing and contractually
agreeing on expectations around data quality, access, as well as rights and
responsibilities between producers and consumers. These solutions, both in
their own ways, aim to balance the need for agility and innovation with the
need for control, compliance, and trust (Khatun, 2024; Segner, 2022; Sas-
soon, 2023; Petersen, 2019).

Examining DCs and DSAs within a large, vertically integrated organization
such as UPM provides a valuable opportunity to observe how these emerging
governance instruments interact with complex organizational realities, such
as a plethora of stakeholders, misaligning business semantics, as well as un-
clear accountability. Studying and shedding light on these phenomena con-
tributes to a broader academic conversation on data governance evolution,
organizational change and trust in data ecosystems.

DCs and DSAs, which are relative newcomers in the data scene, have not been
thoroughly studied academically. Much of the existing literature is produced
by companies and individual actors, such as data platform businesses and
consulting companies. Therefore, much of the focus is more on the manage-
rial and practical topics. While this focus can be very useful in providing con-
crete examples and real-world implementations, the material does not go
through academic rigor. This thesis aims to participate in closing the research
gap evident here by providing an academical case study into this world. The
key focus of this thesis and its findings is on the factors hindering DC and
DSA adoption.

1.2 Research Questions and Objectives

This study aims to find commonalities and differences between how Data
Contracts and Data Sharing Agreements are perceived in different business
areas under UPM, which tools are best suited to their needs, and to provide
suggestions on future data governance tasks based on these findings.

This thesis aims to answer the following research questions:

1. What value do Data Contracts and Data Sharing Agreements provide?
2. How can this value be realized?

To the best of the author’s knowledge, no case studies aiming to explore the
early-stage implementation of Data Contracts and Data Sharing Agreements
have been conducted, underscoring a notable gap in the literature.



1.3 Structure of the Thesis

This thesis is structured into six main chapters, each contributing to a com-
prehensive understanding of how Data Contracts and Data Sharing Agree-
ments are applied and perceived within the context of data governance and
organizational change. The structure follows a logical progression from the-
oretical grounding to empirical analysis and interpretation.

Chapter 1 establishes the background, motivation, and research objectives of
the study. It outlines the relevance of examining Data Contracts and Data
Sharing Agreements in the evolving landscape of data governance and artic-
ulates the central research questions guiding the investigation.

Chapter 2 provides the theoretical foundation for the study. The literature
review begins with data governance and data security principles before turn-
ing to organizational data practices, including data sharing, democratization,
and the conceptualization of data as a product. The chapter then introduces
Data Contracts and Data Sharing Agreements, tracing their conceptual ori-
gins, legal and technical dimensions, examining existing implementations,
and related case studies. The second chapter concludes in organizational fac-
tors of trust and resistance that influence data governance adoption.

Chapter 3 describes the empirical design of the study. It introduces the com-
pany and case context, outlines the qualitative research methods employed,
and explains the procedures for data collection and analysis. Considerations
regarding research ethics are also addressed. This chapter establishes the
methodological transparency and rigor necessary for evaluating the study’s
findings.

Chapter 4 presents the empirical results derived from the case study. The
findings are organized around three thematic areas: system-level governance
tensions, organizational readiness and roles, and data sharing paradigms.
Each theme explores the dynamics and challenges observed in the early im-
plementation of Data Contracts and Data Sharing Agreements within the or-
ganization.

Chapter 5 interprets the findings in light of existing literature and theoretical
perspectives. It discusses how the observed patterns align with or diverge
from prior research, evaluates how the findings address the research ques-
tions, and outlines both managerial and practical implications for organiza-
tions seeking to operationalize data governance through Data Contracts and
DSAs.

10



Chapter 6 summarizes the key insights and contributions of the thesis. It re-
flects on the study’s limitations and proposes avenues for future research,
particularly in relation to the broader applicability of Data Contracts and
Data Sharing Agreements across different organizational and sectoral con-
texts.
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2 Literature review

To fully understand and appreciate the complex context behind Data Con-
tracts and Data Sharing agreements, a thorough look back to previous phases
of Data is necessary. Throughout the human existence, we have been eager
to understand and collect the things we know, essentially collecting data all
the way from 21 000 years ago (Huylebrouck, 2019). For this thesis, the rel-
evant historical breakthroughs are much more recent. In their bibliograph-
ical study into the history and evolution of Big Data and Analytics, Batisti¢
and van der Laken (2019) found that the first foundational Big Data articles
have been written in the 1980s’ and 90’s. According to Kitchin (2014), even
the term ‘Big Data’, though first coined by John Masey in the mid-1990s,
didn’t begin to take off before the 2010s. Given the very recent emergence of
this concept, the current explosion of interest into all things data is even more
impressive.

This literature review synthesizes existing research and industry thinking on
data governance, organizational data practices, and the emerging role of data
contracts within enterprise environments. The review aims to build a con-
ceptual foundation for understanding data contracts not only as technical
tools but also as mechanisms that support trust, accountability, and change
in complex data ecosystems.

2.1 Foundations of Data Governance

In their article Weill and Ross (2004) define IT Governance as ‘the decision
rights and accountability framework for encouraging desirable behaviors
in the use of IT’ (pp. 4). This definition serves well in Data Governance (DG),
too. Many researchers of data governance have leaned on this definition, in-
cluding Wende and Otto (2007) and Khatri and Brown (2010). In their paper,
WEeill and Ross (2004i) suggest measuring governance performance by the
effectiveness of the four following IT categories: costs, asset utilization,
growth, and business flexibility.

These four criteria work well in the context of data as well: data related costs
and data solutions’ effectiveness are often mentioned as major drivers behind
data development (Grande et al., 2020; Ahlawat et al., 2023). Additionally,
expanding data capabilities are skyrocketing data-driven innovations in busi-
nesses (Zolnowski et al. 2016). Many scholars and industry experts consider
the recognition of data as a strategic asset to be the primary driver for
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implementing DG initiatives (Alhassan et al., 2016; Khatri and Brown, 2010;
Otto, 2011).

Data Governance has been defined in numerous ways by practitioners of both
academia and industry. The Data Management Association (DAMA) defines
data governance as "the exercise of authority, control and shared decision
making (planning, monitoring and enforcement) over the management of
data assets" (DAMA, 2017, pp. 69). According to Khatri and Brown (2010),
governance refers to the decisions made to ensure effective management, as
well as defining who is responsible for those decisions.

Central to these definitions are several core principles. In their review of data
governance literature, Brous et al. (2016) identified four overarching themes:
Organization, Alignment, Compliance, and Common Understanding. These
principles aim to ensure that data governance structures support organiza-
tional goals, regulatory compliance, and shared understanding across diverse
stakeholders. The Data Management Association (DAMA), on the other
hand, articulates governance principles across three main domains: People
(Roles & Responsibilities, Organization & Culture), Processes (Activities and
Techniques), and Technology (Tools and Deliverables) (DAMA, 2017). While
Brous et al. (2016) focus on high-level organizational alignment, the DAMA
framework is more pragmatic, offering guidance on operationalizing govern-
ance in real-world contexts.

An increasingly influential addition to the data governance discourse is the
FAIR principles of data being Findable, Accessible, Interoperable, and Reus-
able, proposed by Wilkinson et al. (2016). Originally developed in the context
of scientific research data management, these principles have gained popu-
larity in broader governance contexts due to their emphasis on both human
and machine-actionable data quality. The FAIR principles provide guidance
for improving governance models by offering a lens through which data as-
sets can be evaluated for usability and sustainability (Jacobsen et al., 2020).
In order to be findable, data must have rich metadata and be indexed in
searchable resources. To be accessible, data must be retrievable via standard-
ized protocols and access conditions. Interoperable data must use standard-
ized formats, vocabularies, and ontologies to enable integration with other
datasets. Finally, to be reusable, data must be well-documented, licensed,
and conform to domain-relevant standards (Wilkinson et al., 2016).

These principles align closely with the goals outlined by Brous et al. (2016)
and DAMA (2017). For instance, ensuring that data is reusable and
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interoperable supports organizational alignment and common understand-
ing. Similarly, making data findable and accessible enhances data steward-
ship and accountability, aligning with DAMA’s focus on people and pro-
cesses. In this way, the FAIR framework can be seen not as a replacement for
traditional data governance approaches, but rather as an enhancement, par-
ticularly in distributed, data-intensive, and collaborative environments (Ja-
cobsen et al., 2020). As organizations aim to build modern data ecosystems,
incorporating FAIR principles into data governance strategies and data col-
lection at the very beginning ensures data is not only well-managed but also
truly usable across teams and over time (Endapally, 2023).

These principles, whether from Brous et al. (2016), DAMA (2017), or the
FAIR framework (Wilkinson et al., 2016), underscore shared themes such as
clarity of roles, alignment with business needs, compliance with legal and
ethical norms, and a shared culture around data. Each of these themes will
be explored further in this literature review.

The importance of strong governance structures becomes even more pro-
nounced in distributed and decentralized data environments, such as those
following a data mesh architecture (Dehghani, 2022). In such contexts, gov-
ernance ensures that despite the decentralization of data ownership across
domains, organizations can still maintain consistent quality, compliance,
and discoverability standards. Data Mesh principles will be further elabo-
rated on in the chapter 2.2.3.

2.2 Foundations of Data Security

Data Security is the practice of keeping data protected, managed, and used in
a way that does not subject the data to unauthorized access or leave it vulner-
able to attacks or theft. One of the leading Data Security frameworks, which
also lends well to the topics of this thesis, is the Confidentiality, Integrity, and
Availability or CIA triad framework (Samonas and Coss, 2014).

Confidentiality ensures that information is accessible only to those who have
the necessary permissions. This principle focuses on protecting sensitive data
from unauthorized access or disclosure, often through access controls and
authentication mechanisms (Chandramouli and Suchithra, 2018). By main-
taining confidentiality, organizations can safeguard privacy and mitigate the
risk of data breaches. Closely related, data integrity involves maintaining the
accuracy, consistency, and trustworthiness of data throughout its lifecycle
(Goswami et al., 2024). The principle of integrity aims to ensure that
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information is not altered or corrupted, either accidentally or maliciously (Ir-
win, 2018). Techniques such as authorization, access control, encryption,
hashing and version controls are commonly used to support data confidenti-
ality as well as integrity, allowing data users to rely on the data (Paulus and
Fauzan, 2018; Duggineni, 2023; Hosseini et al., 2023).

Availability ensures that authorized users can access information and sys-
tems when needed (Howard et al, 2023). This principle focuses on minimiz-
ing disruptions caused by hardware failures, cyberattacks, or natural disas-
ters. High availability solutions, such as backup systems, failover mecha-
nisms, and robust network architectures, are critical to maintaining uninter-
rupted access to essential data and services (Ekiye et al., 2023).

While the three cornerstones of the CIA have for decades been presented in
literature separately and not under this specific term (Saltzer and Schroeder,
1975), the triad gained popularity in the 1990’s (Samonas and Coss, 2014).
The CIA Triad has since become a widely recognized standard for under-
standing and implementing Data Security practices. However, it has also
faced criticism for being overly simplistic in addressing the complexities of
modern information systems as well as the soft issues of information security
(Lundgren and Moller, 2017).

Donn B. Parker introduced an expanded framework in his book, Fighting
Computer Crime (1998). Parker’s ‘Security Hexad’ or ‘Parkerian Hexad’ adds
three additional dimensions to the CIA Triad: Authenticity, Possession or
Control, and Utility. This broadened perspective highlights the complex na-
ture of data protection and emphasizes the need for a more holistic approach.

When it comes to data security legislation, different jurisdictions have vastly
differing regulations. EU, for example, leads the way with the General Data
Protection Regulation (GDPR). This data protection legislation focuses on
Lawfulness, Fairness, and Transparency, Purpose limitation, Data minimiza-
tion, Accuracy, Storage limitation, Integrity and Confidentiality, and Ac-
countability. The GDPR also dictates that individuals have rights to access,
rectify, object to processing of their individual data and to also be forgotten.
(European Union, 2016). Across the world many countries have followed the
GDPR’s suit in setting high standards for data legislation (Chauhan et al.,
2022). Awareness of global data protection law is crucial for companies that
have functions in many regions and are therefore impacted by multiple leg-
islative guidelines, like UPM.
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Brazil’s General Data Protection Law (LGPD), for instance, follows the
GDPRs example in many ways, including a wide range of data processing ac-
tivities, data subjects, and their information, similar mechanisms for trans-
ferring data to international organizations and third-party countries. Under
the LGPD, there are stronger protections in certain respects: e.g. specific con-
sent is required for processing children’s personal data. LGPD also includes
explicit treatment of anonymized data and provides rights such as anony-
mization, blocking, deletion. In contrast, GDPR generally emphasizes correc-
tion, erasure, and pseudonymization rather than mandating anonymization
in all cases. (ANPD, 2018; European Union, 2016)

Meanwhile the US, for example, does not have one comprehensive regulation
on data protection, but rather specific areas or demographics are covered by
individual laws: Health Insurance Portability and Accountability Act HIPAA
protects healthcare information; Family Educational Rights and Privacy Act
FERPA details accesses to student education records; California Consumer
Privacy Act CCPA and its amendment California Privacy Rights Act CPRA
grant California residents rights similar to GDPR, including data access and
deletion (Klosowski, 2021).

Some countries have so-called adequacy agreements with the EU, which state
that the data protection laws in the partnering countries are considered to be
on a suitable level (European Commission, 2024). While originally enacted
in 2011, the South Korean Personal Information Protection Act (PIPA) was
revised in 2020 and subsequently in 2023, and now closely resembles the
GDPR (PIPC, 2023).

Data Security is a major consideration even in internal contexts. Effective
data sharing requires robust access controls, data classification protocols,
and secure integration pathways (Shaikh and Sasikumar, 2015; Zubair et al.,
2024). Alhassan et al. (2016) argue for explicit governance mechanisms that
ensure both security and usability, emphasizing the need for clear accounta-
bility frameworks when implementing internal data-sharing initiatives.

Vertically integrated corporations face unique data governance challenges
due to the complex legal and competitive environments in which they oper-
ate. According to Yan (2023), organizations must implement information
barriers, often called "Chinese walls," to prevent the flow of sensitive or com-
petitively significant information between different units. These barriers are
particularly crucial in structures where internal conflict-of-interest relation-
ships exist. Yan (2023) highlights that failure to maintain proper data

16



segregation can lead to serious legal consequences, including antitrust viola-
tions and regulatory penalties. The concept of "need-to-know" access forms
a possible solution to this visibility dilemma.

Makhecha and Harker (2024) emphasize that even within a single corporate
entity, information access should be strictly limited based on functional re-
sponsibilities and legitimate business purposes. This principle serves multi-
ple objectives: it prevents conflicts of interest, preserves competitive integ-
rity, and ensures compliance with various regulatory frameworks. In verti-
cally integrated companies, these technical controls must be complemented
by clear policies, employee training, and regular compliance auditing to
maintain the integrity of information barriers.

2.3 Organizational Data Practices

Organizational data practices sit at a crossroads of human, technological and
societal needs and constraints. Solid data practices are crucial for data-driven
decision-making, innovation, and maintaining compliance, as well as ad-
dressing challenges in data quality, security, and governance. In this section,
the discussion is focused on four key aspects of organizational data practices:
internal data sharing, democratization of data, the development of data as
products, and modern data architecture approaches.

2.3.1 Data Sharing within Organizations

Data sharing, in essence, means granting others access to a company’s or an
individual’s data, generally in return for some compensation, be it reciprocal
data or monetary (Scaria et al., 2018). In addition to holding technical value
in how this data transfer is enacted, this process also holds business value
(Fassnacht et al., 2023; Eastwood, 2021). While the feared downsides of los-
ing business-critical advantages of information are evident, companies are
waking up to the upsides of data flowing more freely between companies.
Data Sharing enables new force in collaboration (van den Broek and van
Veenstra, 2015; Thuermer et al., 2019), developing products and processes
and creating competitive advantage from effective and trusted data sharing
networks (Thuermer et al., 2019). This chapter looks into key organizational
information sharing topics: centralised versus decentralized architecture,
data silos, data quality, and finally the risks and barriers as well as incentives
and motivations for internal data sharing.

A key enabler of sustained internal data sharing is effective governance. Niel-
sen et al. (2019) propose a model that combines structural, procedural, and
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relational practices. Structural elements like formal roles and committees
provide a foundation, while standardized procedures manage access and us-
age. Relational practices, which are more organizational and non-technical
in nature, such as communication, collaboration, and mutual trust are essen-
tial to balance control with flexibility.

While much of the literature on data sharing focuses on inter-organizational
contexts, the same principles apply internally, with slightly different con-
straints and opportunities. Internal data sharing is shaped by architectural
decisions, organizational incentives, and governance frameworks (Weber et
al., 2009). One of the central architectural debates revolves around central-
ized versus decentralized data systems. Decentralized systems, particularly
those using distributed ledger technologies (DLT), offer enhanced transpar-
ency and security by removing the need for a central authority (Antal et al.,
2021; Savadatti et al., 2025).

However, these benefits often come at the cost of scalability and efficiency,
as these consensus algorithms slow down processing and consume more re-
sources (Bhardwaj and Datta, 2020). Centralized databases, on the other
hand, provide operational efficiency and streamlined management, but at the
expense of resilience and transparency, introducing risks like single points of
failure and reduced trust (Bhardwaj and Datta, 2020).

A comparative study by Naganathan (2018) illustrates these trade-offs
clearly. Centralized architectures tend to offer better governance and con-
sistency but limit departmental flexibility and responsiveness. The central-
ized approach often creates bottlenecks in data access, as all requests must
be routed through a core authority. In contrast, Ravva (2025) argues that
while decentralized models promote agility and responsiveness, they may
suffer from data inconsistency and governance fragmentation.

To resolve this tension, hybrid models like Dehghani’s (2022) Data Mesh ar-
chitecture propose a middle path. In this model, data is treated as a product
(more on Data Products in chapter 2.2.3) managed by domain experts while
adhering to standardized, organization-wide governance protocols.
Dehghani emphasizes four key principles—domain ownership, self-service
infrastructure, federated computational governance, and interoperability
through standardization—as the foundation for scalable and sustainable data
sharing in large, complex enterprises. This approach helps organizations
avoid the inefficiencies of centralization while mitigating the possible stress
of uncoordinated decentralization (Futurice, 2021).
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Despite the advancements in data storage systems, data silos remain a bar-
rier to internal data sharing. Silos, isolated data repositories inaccessible to
other systems or departments, arise from a combination of historical, organ-
izational, and technical factors. According to Cisco’s 2023 Artificial Intelli-
gence (AI) Readiness Index, which surveyed 8,000 business leaders respon-
sible for AI in large organizations, 81% of respondents acknowledged that
data exists in silos across their organizations, prompting Cisco to identify this
as the most pressing issue currently facing this clientele.

Origins of these silos can be attributed to a lack of forward planning when a
company is facing growth lack of shared understanding between data provid-
ers and consumers (Sadiq and Indulska, 2017), non-integrated technologies
or narrow team-centric focus that doesn’t account for collaborative benefits
(Skinner, 2022). According to Gilinther et al. (2017), many of these silo-in-
ducing factors reinforce one another, creating strong barriers to enterprise-
wide data integration.

Breaking down silos requires both technical and organizational change.
Routes to overcoming these issues can include centralized data systems,
metadata management, standardizing data formats and tools, implementing
integration architecture, and improved training and communications can
promote more integrated data practices (Kumar, 2023). Skinner (2022) ech-
oes many of these points, by stating that fixing silos has to happen at both the
personnel and technological levels. These scholars warn against looking for
solely technical solutions, as organizational culture and human-to-human
dynamics must also be addressed.

In the context of data sharing within a company, the quality and visibility of
data are also very important. Wang and Strong's (1996) widely cited frame-
work identifies intrinsic, contextual, representational, and accessibility di-
mensions of data quality—all of which influence whether shared data is
trusted and used. Their research underscores the importance of delivering
data that is accurate, timely, understandable, and secure. Without meeting
these standards, internal data-sharing efforts are likely to fail.

Building on this, Sadiq and Indulska (2017) stress that quality assurance
must be embedded into the whole life cycle of data processes, not treated as
an afterthought. They highlight the importance of standardized quality di-
mensions and metrics as well as a shared understanding the context of the
data at hand as vital to maintaining trust and usability in shared data. These
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goals ensure that the required level of quality persists, and its value-adding
potential can be realized as as data travels across departments and systems.

Khatri and Brown (2010) offer a foundational framework for understanding
broad risks and barriers to internal data sharing, beginning with regulatory
compliance. Internal sharing must account for privacy laws, data retention
rules, and audit requirements. Building on this foundation, Abraham et al.
(2019) provide updated insights on how these challenges have evolved in the
era of GDPR and other modern privacy regulations.

Organizations must also navigate more political challenges rising within their
individual contexts, including interdepartmental power dynamics, unclear
resource allocation, mismatched performance metrics, and general risk aver-
sion. Both Khatri and Brown (2010) and Abraham et al. (2019) emphasize
that governance must strike a balance between the value of open information
flows and the need to manage risk effectively, with Abraham et al. highlight-
ing how this balance has become increasingly complex in today's data-inten-
sive business environment.

Motivation and incentives also play a critical role. Glinther et al. (2017) iden-
tify value perception, reciprocity, recognition, and reduced friction as major
motivational factors. According to Giinther et al., when employees and de-
partments see tangible benefits in data sharing, participation increases.
Ransbotham et al. (2019) found that organizations excelling in AI adoption
also exhibited strong internal data-sharing cultures. These organizations typ-
ically benefit from executive support, clear communication of value, struc-
tured recognition, and incentive systems that reward collaboration. Dedi-
cated socio-technical systems, models of good practice, training programs,
incentive mechanisms and support services are essential for enabling effec-
tive sharing (Fassnacht et al., 2023; Uren and Edwards, 2023; Woods and
Pinfield, 2022). Without these, even the best intentions may fall short.

Looking forward, the future of internal data sharing is being shaped by sev-
eral converging trends. Organizations are increasingly embracing domain-
oriented architectures like Data Mesh (Dehghani, 2022), embedding govern-
ance directly into their platforms, emphasizing quality as a foundation for
sharing (Wang and Strong, 1996; Sadiq and Indulska, 2017), and aligning in-
centives with collaborative behaviors (Giinther et al., 2017; Ransbotham et
al., 2019). A framework presented by Grossman and Siegel (2014) embodies
this well: their CSPG framework stands for Culture, Staffing, Processes, and
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Governance, all of which they deem are crucial in designing an organization
apt for data capabilities.

The challenge remains to continuously balance competing demands: control
and flexibility, standardization and specialization, security and accessibility.
Organizations that succeed in navigating these tensions will be best posi-
tioned to realize value from their data assets while mitigating associated
risks.

2.3.2 Data Democratization

Data Democratization (DD), the practice of making data usable and accessi-
ble to a broader audience within an organization, signifies a change in how
data management and decision-making are starting to be seen (Samara-
singhe and Lokuge, 2023). Originally imagined in fields such as medicine or
urban planning, data democratization seeks to empower non-data native sit-
uations to be looked at from a data-driven point of view and therefore en-
hance results, be it in patient care or community planning (Lefebvre et al.,
2021). Its core ambition is to dismantle any technical and organizational bar-
riers that have confined data access to secluded data teams, empowering a
freer flow of knowledge between technical staff — who understand data — and
the non-technical staff — who understand the context — to co-utilize data in
decision-making and innovation (Samarasinghe and Lokuge, 2023; Achanta,
2023).

In their study, Zeng and Glaister (2017) found that while the data scientists
were the ones responsible for orchestrating data usage across the company,
assuming that they alone would be sufficient in creating value might not be
the case. Instead, they propose that the likelihood of increasing value crea-
tion with data grows along with the breadth to which data is being dissemi-
nated within the organization.

Data democratization can be defined as the process by which all individuals
within an organization, regardless of their technical background, gain the
ability to access, understand, and utilize data with sufficient independence,
while keeping within reasonable limitations (Zeng and Glaister, 2017; Hyun
et al., 2020; Bellin et al., 2010). This approach aims to separate itself from
situations where data is siloed within teams and departments and to relieve
the often-overworked data specialists from the most basic tasks (Lefebvre et
al., 2021). Data Democratization that has been well embedded into a

21



company’s culture is characterized by diverse opinions, knowledge and expe-
riences being shared openly and interactively (Hyun et al. 2020).

The overarching goals of democratization are to tear down barriers around
data (Shubladze, 2023), accelerate the pace of decision-making (Huyn et al.,
2019), cultivate data-driven culture spanning from grassroots to top manage-
ment (Diaz et al., 2018) and expanding analytics skills beyond data scientists,
especially to managerial positions (Carillo, 2017).

This for-the-people, by-the-people initiative is closely linked to the emer-
gence of self-service analytics, which provides the technological solutions for
democratization. Self-service analytics allows users to analyze, report and
visualize data independently. These non-technical business users are often
dubbed ‘citizen data scientists’ or ‘citizen developers’ (Lebens et al., 2021;
Gade, 2021). Self-service analysis allows for broader participation in data
processes, which, as discussed earlier, is one of the core benefits of data de-
mocratization proposed by Bellin et al. (2010). Data democratization and
self-service tools together have transformed how data is used within organi-
zations (Gade, 2021).

The technical infrastructure supporting data democratization has advanced
significantly, driven by the rise of sophisticated business intelligence (BI)
platforms and low-code development environments (Achanta, 2023). BI
platforms such as Tableau, Microsoft’s Power BI, and Qlik have democratized
access to data through user-friendly features, including intuitive visual inter-
faces (Sallam, 2019), natural language query capabilities that interpret user
questions in plain language (Gao et al., 2015), and automated insights that
surface patterns, anomalies and clusters with minimal user intervention (Sal-
lam, 2019).

Low-code and no-code platforms take data democratization beyond analytics
and into application or data development. These tools enable business users
to build custom applications or data solutions tailored to specific tasks and
workflows without traditional programming (Rokis and Kirikova, 2022).
They streamline operations through visual, drag-and-drop interfaces, while
still allowing for the same end results as traditional coding. Cloud-based ser-
vices have strengthened these capabilities by removing infrastructure con-
straints and offering scalable access to computational resources (Columbus,
2018).
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Despite the advantages of democratization, it introduces complex govern-
ance challenges. The primary tension lies in finding the right equilibrium be-
tween open access to data and the enforcement of security, privacy, and qual-
ity controls (Khatri and Brown, 2010; Shubladze, 2023). Without sufficient
governance, data democratization can generate significant organizational
risks. Misinterpretation of data by untrained or uninformed users can lead to
inaccurate conclusions (Webber, 2020). Inconsistent or scattered datasets
can undermine data quality (Haneem et al., 2017). Redman (2013a, 2013b)
argues that data issues such as poor quality, lack of trust or overwhelming
data management requirements can push managers towards intuitive rather
than data-driven decision making.

Additionally, mishandling of sensitive information may breach regulatory
frameworks such as GDPR (Chapter 2.2). Data Democratization may inad-
vertently waste resources and produce a lack of trust in data-derived deci-
sions (Cutler, 2024). It is not enough for users to have access to data, but they
must also possess the capability to use data wisely.

Data democratization is a transformative idea with the potential to signifi-
cantly enhance how organizations leverage data for competitive advantage,
but its success depends on more than just technological solutions (Foote,
2023). The literature shows that cultural change, trust, governance, commu-
nication and training are equally essential. The most effective initiatives com-
bine broad access with responsible controls, creating data democracy that
empowers rather than confuses (Cutler, 2024; Foote, 2023; Achanta, 2023).
As the scale and complexity of data environments continue to grow, espe-
cially with AI systems gaining more and more traction, organizations must
continually adapt their governance practices and no longer view democratic
data as a luxury but as a necessity (Achanta, 2023).

2.3.3 Data as a Product and Data Products

Mentions of data or information as products are not new in the literature,
spanning even decades into the past (Wang et al., 1998; Pierce, 2005). How-
ever, this phenomenon has gained wider traction from the 2010s onwards, as
the data science world has gotten sufficiently established (Meierhofer et al.,
2019; Davenport and Kudyba, 2016). This chapter explores the fundamental
principles behind Data as a Product (DaaP), the resulting Data Products
(DPs), the rise of specialized Data Product management roles, required op-
erational frameworks and how this concept relates to the broader data topics,
such as the data mesh architecture.
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Drawing on the paper by Huang et al. (2015), one of the first that defines the
concept of "Data as a Product" names the challenges posed by the ever-grow-
ing volume of Big Data as the main starting point for why the DaaP-shift was
necessary. To alleviate these growing pains, the DaaP approach aims to sep-
arate raw data from data that’s ready to be consumed. In essence, the DaaP
concept is an approach to manage vast amounts of data by creating smaller,
refined Data Products that facilitate easier access and understanding for us-
ers. This ease-of-access thinking ties well with the data democratization prin-
ciples of chapter 2.3.2.

Data Products can be understood as the outputs of a DaaP-oriented data de-
velopment processes. While the literature on the topic has not yet been con-
densed into a single, universally accepted definition, Data Products are com-
monly seen and described as being engineered to deliver actionable insight
and benefit to another entity, often named as customers (Dehghani, 2022;
Meierhofer et al., 2019; Mucci and Stryker, 2024). Notably, the customers
can be internal as well as external, and human as well as non-human
(Dehghani 2022; Hasan and Legner 2023).

Both DaaP and DPs include a clear focus on consumer-centricity, which
means designing Data Products with a deep understanding of the consumers'
needs, challenges, and objectives (Hasan and Legner, 2023). The mindset
emphasizes value orientation, which links data products directly to business
value (Meierhofer et al., 2019), and incorporates lifecycle management,
treating DPs as evolving assets with defined lifecycles (Hasan and Legner,
2023; Mucci and Stryker, 2024).

Loukides (2011) takes the Data Product definitions a step further, by catego-
rizing DPs into ‘overt’ and ‘covert’ Data Products based on their final result:
is the data providing the end result (covert), or is the data the end result
(overt)? Examples of these could include a social media feed offering data on
your followers’ activities, which is overtly a Data Product, and a hotel room
reserved to you, building on data in a covert way.

The emergence of the DaaP mindset has catalyzed the development of spe-
cialized product management roles focused on data assets. According to
Deshpande (2023), a Data Product Manager (DPM) serves as the critical
bridge between technical and business teams. A DPM is responsible for de-
fining and communicating the strategy and vision for data products. They
gather and prioritize requirements from stakeholders to ensure the product
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meets business needs. Managing the product roadmap, coordinating across
team and function limits, overseeing the end-to-end lifecycle, staying on top
of relevant quality, privacy and security topics and promoting adoption and
literacy around the product are all key aspects of any product managers, and
therefore of the DPM as well (Gupte, 2023). The skills required include a
blend of technical and domain knowledge, problem-solving, communication
skills, and analytical thinking (Deshpande, 2023).

User documentation is a critical enabler of data product usability and there-
fore a critical task of the DPM. Effective documentation provides an overview
and purpose of the data product, describes its schema, outlines data lineage,
offers access instructions, presents sample queries and use cases, explains
known limitations, and includes a record of changes.

A company’s Data Product can be accessed via a Data Catalog (DCat). Data
Catalogs, simply defined by Olensen-Bagneux (2023) as organized inventory
of the data in your company (pp.3), offer an overview of available data prod-
ucts, enabling efficient data discovery, verification and upkeep while lower-
ing the time needed for searching for data (Jahnke and Otto, 2023; Oliveira
et al., 2024). Requesting and granting accesses can be done efficiently though
a Data Catalog as well, since initially only metadata such as column names
are shown to the DCat user, while no actual data values are exposed without
sufficient accesses (Olensen-Bagneux, 2023).

Organizations face several challenges when adopting the DaaP approach. Ac-
cording to Loukides (2011), these include cultural resistance to change, skill
gaps in the workforce, difficulty justifying return on investment, governance
complexity, and the challenge of integrating with legacy systems.

2.3.4 Modern Data Architecture approaches

Architectural choices and visions play a key role in bringing DP and DaaP
thinking to life. The choice of architectural framework to follow is not always
straightforward. A recurring theme in the evolution of data architecture is
the tension between monolithic and microservice designs. According to Bli-
nowski et al. (2022), monolithic solutions are simplistic, fast and reliable to
operate, as they require only a single process to run. However, monolithic
approaches are not very flexible when it comes to changes in size and com-
plexity. The bigger the monolith becomes, the harder it is to upkeep, deploy,
and develop, as any single change requires the whole monolith to be rebuilt
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(De Lauretis, 2019). To overcome the issues of monolithic approaches, dif-
ferent decentralized Data Architecture solutions have been introduced.

Microservices, spearheaded by Lewis and Fowler (2014), aim to break the
monolith apart to small, independent services, that in communication sup-
port the same processes as a monolith would, only in smaller units allowing
for more flexibility, scalability, and differentiation. As with any solution, the
microservices are not without their critique. For example, Moses (2023) at-
tributes Accountability, Transparency, Privacy as well as Bias and Fairness
as some of the challenges these scattered solutions face: who is responsible
for the services, their observability, data security or any systemic biases the
services may hold?

Borrowing from software engineering, hexagonal architecture, also known as
“ports and adapters”, provides another useful architecture possibility. In this
model, first introduced by Cockburn (2005), the core data is safeguarded
from external systems, while standardized interfaces, or ports, and adapters
facilitate interaction with diverse consumers and producers. This architec-
ture promotes testability, resilience, and flexibility, aiming that changes in
upstream sources or downstream applications cannot disrupt the data at the
core. This safeguarding of core data is closely tied to the idea of Data Con-
tracts, presented in the following chapter 2.4.

Lastly, the Data Mesh paradigm represents a synthesis of many of the archi-
tectural ideas discussed above. Introduced by Dehghani (2019), it reframes
data architecture as a socio-technical system rather than merely a technical
one. Its principle of domain-oriented decentralized data ownership, decen-
tralized ownership, federated governance, and self-service infrastructure
seek to address the same coordination challenges that DaaP and Data Prod-
uct thinking respond to (Bode et al., 2023; Aratjo Machado et al., 2022).
Data Mesh enhances contextual relevance and accountability by aligning
Data Products with business domains, while shared governance structures
maintain uniformity and interoperability across the enterprise (Blohm et al.,
2024).

These modern structures aim to empower business domains to take respon-
sibility for their data products while maintaining overarching standards and
consistency through coordinated governance (Dehghani, 2019; Aratjo Ma-
chado et al., 2022). The self-service infrastructure principle enables business
domains to independently manage the lifecycle of their data products by
providing them with the necessary technical capabilities (Caserta et al.,
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2023). Finally, interoperability through standardization is essential to avoid
creating or strengthening data silos and bottlenecks. In a case presented by
Loukiala et al. (2021), the adoption of a distributed data platform architec-
ture was found to eliminate many of the bottlenecks associated with tradi-
tional, centralized data warehouses and data lakes.

2.4 Data Contracts and Data Sharing Agreements

As discussed in the chapter 2.3.1 on Organizational Data Practices, trust plays
a crucial role in all data sharing. Without robust methods to hold the data
sharing parties accountable, sharing information and knowledge could well
prove detrimental to many companies. For example, in their research into
data sharing willingness, Dahlberg and Nokkala (2019) found that their study
groups were unfamiliar with technological trust providers and that they
would require significant actions and behavioral changes to have these
adopted.

Data Sharing Agreements (DSA) and Data Contracts (DC) have been offered
as a solution to the question of how data sharing can be done safely and in a
way that enforces trust between collaborating parties. Since Data Contracts
and Data Sharing Agreements are relatively young concepts and not thor-
oughly researched academically, much of the knowledge in this field comes
from private entities: companies providing services in, or individuals work-
ing on these topics.

Data Contracts are a technology-first approach. Data Contracts are imple-
mented in platform-agnostic YAML format, and they define features such as
structures, semantics, quality, and terms of use between data providers and
their consumers (Sassoon, 2023). In effect, Data Contracts can transform any
agreements made between the data provider and receiver into a sort of gate,
through which the data does not flow if it does not meet the preset criteria.

Data Sharing Agreements, on the other hand, can be much more versatile in
how they are constructed, as they are less technical in nature. DSAs define
how data is shared and handled, whereas DCs define qualities of the data it-
self. Data Sharing Agreements can dictate, for example, who is allowed to
work with the shared data, and through which means the data is shared (Pe-
tersen, 2019).

While Data Contracts provide a set structure for the outports of data prod-
ucts, they allow for different methods of getting to that final result. This

27



means that data products can be gathered and perfected in differing ways
under different organizations, while still enabling seamless integration (Sas-
soon, 2023; Khatun, 2024). Data products need to be flexible when it comes
to their creation, since all data cannot be used in the same way by the same
tools (compare, for instance, IoT data and personnel data), but the end use
must be standardized and tool agnostic to facilitate effective cross-referenc-
ing (Sassoon, 2023). In a diversified conglomerate such as UPM, this means
that every separate area or function can choose whichever data development
method best suits their needs as long as their output matches the preset lim-
itations of a Data Contract.

2.4.1 Definitions and Conceptual Origins

The concepts of Data Contracts and Data Sharing Agreements have emerged
as mechanisms for governing the increasingly complex practice of data ex-
change. While they serve related purposes in facilitating trust and accounta-
bility, they arise from different practices and therefore address different as-
pects of data governance and interoperability.

A Data Sharing Agreement is rooted in the legal and regulatory realms. It is
a formalized, legally binding document that defines the terms under which
data is shared between entities, typically organizations or departments. DSAs
specify who is permitted to access data, under what circumstances, for what
purposes, and with which constraints, to allow for controlled and collabora-
tive data exchange (Matteucci et al., 2012). They have become especially im-
portant in the context of privacy regulations such as the GDPR and other
compliance frameworks.

The primary function of a DSA is to formalize the governance of the behavior
of the human actors involved in data exchange — who could, depending on
the situation, occupy roles such as a lawyer, a business expert, and an end-
user — and to provide legal recourse in cases of misuse, breach, or noncom-
pliance (Costantino et al., 2017).

Data Contracts, by contrast, emerge from the realm of software engineering
and data architecture. They are primarily machine-readable specifications
that encode expectations about the structure, semantics, and quality of data
exchanged between producers and consumers. Rather than governing how
data may be legally used, Data Contracts ensure that the data is technically
correct, well-structured, and aligned in meaning with the needs of down-
stream consumers (Dehghani, 2022).
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Typically written in formats like YAML or JSON, Data Contracts enforce con-
straints on schema, field types, validation rules, and data freshness, thereby
reducing misunderstandings and integration errors across systems (Khatun,
2024). Although not inherently legal documents, they can support compli-
ance efforts by offering transparency and traceability into the flow and trans-
formation of data.

Conceptually, Data Contracts are an extension of long-standing software en-
gineering practices, such as interface contracts and Application Program-
ming Interfaces (APIs) specifications. Interface contracts, as conceptualized
in Meyer's (1992) Design by Contract methodology, establish explicit agree-
ments between software components by defining acceptable input parame-
ters, expected output formats, and necessary conditions that must be met be-
fore functions can be properly executed. Similarly, APIs serve as structured
communication frameworks between distinct software systems, establishing
standardized protocols for how information requests should be formatted,
what specific data elements may be requested, and in what format the re-
quested information will be delivered to the receiving system.

However, such traditional contracts are often too limited in today’s data land-
scapes. They assume, rather than ensure, semantic alignment, meaning that
they verify that a system can transmit data, but not that the data will be
meaningful or valid in its new context. The changing of data, column names,
or any number of other properties of the data, known as Schema Evolution
or Schema Drift, is common but destructive if not facilitated correctly (How,
2020; Osarenren, 2024 ).

Data Contracts extend the scope of interface contracts by addressing not only
the format of exchanged data but also its meaning, provenance, and quality.
As noted by Dong et al. (2019), while API contracts govern the syntax of ex-
change, Data Contracts govern the semantics and integrity of the information
being transmitted. This distinction is critical in modern data environments,
where technical compatibility does not guarantee trustworthy or meaningful
data.

According to Snodgrass and Soon (2019), revisions and updates done on the
APT’s side can result in major, resource-intensive problems and fixes on the
receivers’ side, potentially harming multiple downstream dependents. To
combat this, Data Contracts introduce a layer of semantic rigor previously
missing from most technical specifications.
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The historical emergence of Data Contracts as a distinct technical practice
can be linked to several developments in the data ecosystem. One such de-
velopment was the introduction of the Data Mesh paradigm by Dehghani
(2019), which called for domain-oriented ownership of data. This approach
advocated treating data as a product, complete with well-defined interfaces,
service-level objectives, and user documentation.

In such a distributed architecture, where autonomous teams manage their
own data domains, informal agreements and tribal knowledge proved insuf-
ficient to maintain reliability and trust (Dehghani, 2019; Data Mesh dis-
cussed in in Chapter 2.3.1, Data Products in Chapter 2.3.3). Data Contracts
emerged as a formal mechanism to define and enforce the expectations be-
tween these decentralized producers and consumers.

Another influential development was the creation of open data standards like
the Open Contracting Data Standard (OCDS), which represents a significant
milestone in the evolution of standardized data contracts for cross-institu-
tional collaboration. According to the OCDS documentation, the standard
was developed to address the challenge of data being provided in differing
formats by separate publishing entities, hindering cross-publisher analysis
(Open Contracting Data Standard, 2024). The standard establishes a com-
prehensive schema that defines how contracting information should be
structured, documented, and shared to enable systematic analysis and trans-
parency across different jurisdictions and organizations.

Implementation experiences have provided practical insights for managing
data contracts in complex environments, especially with public-sector gov-
ernmental challenges. In Colombia, the adoption of OCDS through the
SECOP II procurement platform has enabled unprecedented transparency
and analysis capabilities (Richter Gade et al., 2020). The World Bank docu-
mentation (Richter Gade et al., 2020) reveals that Colombia's implementa-
tion of OCDS has had a positive impact on monitoring public procurement
processes and the analysis of procurement data for policy-making purposes.

However, in the UK, implementing OCDS on its Contracts Finder platform
highlighted a different challenge: how to balance standardization with the
practical requirements of pre-existing ways of working (Crown Commercial
Service, 2020). These contrasting experiences bring out a fundamental ten-
sion in data contract design: there is need for standards rigid enough to
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enable interoperability while remaining flexible enough to accommodate di-
verse contexts.

What makes the Colombian implementation particularly compelling is how
it transformed analytical capabilities that were previously constrained by
data fragmentation. The Open Contracting Partnership documents how Co-
lombian authorities are now better equipped to recognize patterns and
trends in procurement, aiding in both sustainable policy decisions and anti-
corruption aims (Richter Gade et al., 2020; Open Contracting Partnership,
2024).

The broader significance of OCDS extends beyond procurement transpar-
ency to demonstrate principles applicable across data sharing contexts. The
approach taken by both Colombian and UK implementers, combining de-
tailed technical specifications with practical implementation guidance, sug-
gests a model for developing data contracts that acknowledge the messy re-
alities of organizational change while maintaining the technical precision
necessary for meaningful data exchange. This balance has made OCDS a
promising standard to follow for other many other public sector actors too:
countries and cities including Moldova, Uganda, Ukraine, Mexico City and
Montreal are publishing data based on the OCDS (Alliance for Integrity,
2018)

2.4.2 Legal and Technical Perspectives

The effective management of data exchange in modern organizations re-
quires addressing both legal compliance and technical reliability (Petersen,
2019). Data Sharing Agreements (DSAs) and Data Contracts (DCs) represent
complementary approaches to these challenges. From a legal perspective,
DSAs serve as formal instruments for managing data exchange under regu-
latory and contractual obligations. In the context of regulations such as the
General Data Protection Regulation (GDPR) in the European Union or the
Health Insurance Portability and Accountability Act (HIPAA) in the United
States, organizations must provide assurances that shared data will be pro-
cessed lawfully, stored securely, and accessed by authorized parties only.
DSAs fulfill this role by defining permissible uses, data ownership, liability in
the event of a breach, and protocols for data subject access requests or audits
(Liu et al., 2018). They often include confidentiality clauses, retention sched-
ules, and jurisdictional boundaries to ensure compliance with legal man-
dates. For example, GDPR Article 28 requires formal agreements when pro-
cessing personal data on behalf of another organization, making DSAs a legal
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necessity in data processing relationships across many industries (European
Commission, 2016).

However, the legal protections offered by DSAs are insufficient on their own
to guarantee the technical fidelity of the data exchanged. This is where Data
Contracts play a critical role. While not typically embedded in legal docu-
ments, Data Contracts define the enforceable specifications of data quality
and structure that systems must uphold. These specifications include schema
definitions, expected data types, nullability constraints, and validation rules
that are applied at the point of data production or transformation (Dehghani,
2022). In distributed or domain-oriented data architectures, such as those
promoted by the data mesh paradigm, Data Contracts are indispensable in
aligning expectations between teams that may otherwise operate in isolation
(Pal, 2024).

One of the most prominent technical domains where Data Contracts have
taken root is in analytics engineering, particularly through the dbt (data build
tool) ecosystem. dbt allows teams to specify the expected structure of da-
tasets, including column names, data types, and constraints, within YAML
configuration files. These contracts are enforced during model execution,
where if the output deviates from the defined contract, the model fails to
build, thereby preventing the flow of erroneous data downstream (dbt Labs,
2025a). By embedding these controls within the transformation layer, dbt
enables teams to maintain data quality and consistency across complex data
workflows, mitigating the risks associated with data inconsistencies and gov-
ernance fragmentation (dbt Labs, 2025a; dbt Labs, 2025b; Atlan, 2024).

Technical enforcement in dbt is further enhanced through the use of custom
tests, which evaluate data against expectations such as uniqueness, referen-
tial integrity, and value ranges. These tests are automated, meaning that con-
tract violations, such as missing columns or unexpected null values, can be
detected early in the pipeline and addressed before data reaches downstream
consumers. Such feedback loops are critical in maintaining trust in data
products, particularly in fast-moving environments where data is continu-
ously ingested, transformed, and visualized (Zhang et al., 2022).

In addition to dbt, a growing ecosystem of tools supports the implementation
of Data Contracts. Platforms like Monte Carlo, Great Expectations, and
Soda.io offer data observability solutions that monitor pipeline health, detect
anomalies, and enforce schema consistency at scale (Abraham et al., 2019).
These tools enable organizations to operationalize Data Contracts beyond
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static schema definitions by embedding continuous validation, lineage track-
ing, and alerting mechanisms into production workflows. By automating
these checks, teams can prevent data drift and ensure that changes in source
systems do not silently break analytical models or reports.

While Data Contracts do not replace legal agreements, they augment them
by translating abstract obligations into executable specifications. For in-
stance, a DSA might require that personal data fields be pseudonymized be-
fore sharing, whereas a corresponding Data Contract would define the tech-
nical method of pseudonymization and validate its consistent application. In
this way, Data Contracts serve as the technical instantiation of legal inten-
tions, creating a bridge between compliance requirements and system-level
enforcement. (Segner, 2025; Atlan, 2024)

The convergence of legal and technical governance mechanisms reflects a
broader shift in data management culture—from informal coordination and
reactive fixes to proactive specification and accountability. As Seiner (2020)
argues, effective data governance demands clarity not only in policy but also
in execution. DSAs and DCs, when used in tandem, create a robust frame-
work in which organizations can securely and reliably share data across
boundaries without sacrificing control or compliance.

The technical architecture of OCDS incorporates principles that have influ-
enced broader data contract development. The standard employs what the
official documentation describes as "a data model that describes the struc-
ture and semantics of contracting data" (Open Contracting Data Standard,
2024). This approach defines not just data structure but also the meaning
and relationships between different data elements, enabling automated vali-
dation and quality checking while maintaining flexibility for local adapta-
tions. The standard's approach to versioning ensures that "publishers can
adopt new versions of the standard while maintaining backward compatibil-
ity with existing data consumers."

2.4.3 Comparing Data Contracts, SLAs and Data Sharing Agreements

As organizations increasingly formalize their data exchange practices, they
must navigate a complex ecosystem of governance instruments, including
Data Contracts, Data Sharing Agreements, and Service Level Agreements
(SLAs). While all three aim to establish clarity and accountability in collabo-
rative data environments, they differ significantly in scope, orientation, and
mechanisms of enforcement.
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Data Contracts are primarily technical constructs that define the expected
structure, semantics, and quality of data exchanged between systems or
teams. They are typically implemented as machine-readable specifications,
enabling validation and enforcement through automated workflows. As
Dehghani (2022) notes, Data Contracts emerged from the need to treat data
as a product in distributed architectures, where autonomous teams produce
and consume data across organizational boundaries. A typical use case in-
volves a data producer agreeing to deliver a dataset with specified fields,
types, and quality metrics, which are validated continuously using tools such
as dbt. This approach ensures that consumers can rely on the consistency and
fitness-for-use of the data without needing to re-verify it each time (Segner,
2025).

In contrast, Data Sharing Agreements are legal documents that define the
terms under which data may be accessed, used, stored, or transferred. They
specify rights, responsibilities, and liabilities associated with data exchange,
often in compliance with external regulations such as the GDPR, HIPAA, or
industry-specific standards. DSAs are typically negotiated between legal or
compliance teams and address questions of intellectual property, data pri-
vacy, data retention, and dispute resolution (Liu et al., 2018). A common sce-
nario for DSAs arises when organizations share sensitive customer data with
third-party vendors or research partners. In such contexts, the agreement
may stipulate, for example, that data must be anonymized, stored within spe-
cific jurisdictions, or deleted after a fixed period (European Commission,
2016).

Service Level Agreements occupy a third space, focusing on operational per-
formance guarantees between service providers and consumers. In the realm
of data, SLAs often define acceptable thresholds for metrics such as data
freshness, system availability, query response times, and incident resolution
windows (Kostic, 2024). While not specific to data content or legal compli-
ance, SLAs play a vital role in managing expectations and accountability in
data services. For example, a cloud data warehouse provider might commit
to data refresh interval of 15 minutes for streaming updates. Breaches of such
guarantees typically result in penalties, making SLAs a key mechanism in
vendor management and operational risk mitigation (Nicolazzo et al., 2024).

Although distinct in their primary functions, these three instruments fre-
quently intersect in practice. A robust data sharing framework may rely on a
DSA to define legal boundaries, a Data Contract to enforce technical specifi-
cations, and an SLA to govern service-level performance. The overlaps can
lead to confusion if not carefully coordinated. For instance, a DSA might
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specify that personally identifiable information must be pseudonymized, but
without a corresponding Data Contract, there may be no guarantee that the
pseudonymization logic is technically applied or validated. Likewise, a Data
Contract may ensure schema stability, but if freshness guarantees are not ex-
plicitly stated in an SLA, consumers may still encounter stale or delayed data.
As Luis et al. (2024) argue, effective data governance arises from the align-
ment of legal, technical, and operational perspectives—not from any single
domain or document.

Determining when to use which mechanism depends largely on the context,
stakeholders, and risks involved. For internal exchanges between closely co-
ordinated teams, lightweight Data Contracts may suffice, particularly if ver-
sion control and schema validation are already embedded in the develop-
ment workflow. However, when external partners are involved, especially in
heavily regulated industries, DSAs become essential to ensure compliance
and manage liability. SLAs, on the other hand, are most relevant when up-
time, latency, or availability directly affect business performance or contrac-
tual obligations. As Abraham et al. (2019) observe, the decision to deploy a
particular governance instrument should be guided by a risk-based approach
that considers the nature of the data, the sensitivity of the use case, and the
autonomy of the involved parties.

Ultimately, these governance tools are not mutually exclusive but mutually
reinforcing. Their integration reflects the evolving maturity of organizations
in handling data not just as a technical asset but as a legally protected and
operationally critical resource. As Seiner (2020) emphasizes, true data gov-
ernance is achieved not through singular control points but through a well-
orchestrated system of agreements, contracts, and performance guarantees
that together create a trusted and efficient data ecosystem.

2.4.4 Previous Implementations and Case Studies

Although Data Contracts and Data Sharing Agreements are relatively recent
innovations in the domain of data governance, emerging literature and in-
dustry reports provide a growing body of examples that demonstrate both
their practical utility and the challenges of implementation. Academic and
applied case studies reveal how different organizational contexts shape the
deployment of these mechanisms, particularly in environments requiring
cross-functional coordination, regulatory compliance, or data product scala-
bility.
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In academic literature, much of the early discussion around formal data shar-
ing emerged in the context of collaboration. In a study focused on supply
chain ecosystems, Dahlberg and Nokkala (2019) found that companies were
hesitant to engage in data exchange without clear contractual boundaries.
Their research shows that behavioral change and organizational culture
posed greater barriers than technological limitations, underscoring the im-
portance of formal agreements such as DSAs in fostering reliable cooperation
between entities.

From the industry perspective, several companies have pioneered the use of
Data Contracts as part of their internal data product strategy. At PayPal, the
adoption of a data mesh approach has included the introduction of data con-
tracts as a key mechanism for improving reliability and trust in analytical
workflows. As described by the PayPal engineering team, contracts are em-
bedded into development pipelines to enforce schema consistency and vali-
date data quality before changes reach production (Perrin, 2022). This inte-
gration has reduced the risk of downstream breakages and helped ensure that
analytical teams can work with stable, trustworthy datasets.

At Netflix, internal Data Contract-like solutions govern data lineage and ex-
pectations between microservices and pipelines. Their approach treats con-
tracts as living documentation that both engineers and analysts can review
and validate, supported by observability tools and metadata platforms (Lin
et al., 2019). Another frequently cited case is the use of dbt at JetBlue (Jet-
Blue, 2020; dbt Labs, 2020). At JetBlue, according to a case study published
by dbt Labs, key progress in their data work was enabled by many facets, such
as dbt’s version controlling, real-time data capabilities, preventing data qual-
ity issues from impacting end users, and improving data transparency and
documentation. While it is not specifically named in these case study, all
these improvements are central to the core of DCs and DSAs, which provide
exactly these benefits. While the term Data Contract might not have been
used yet in by Netflix in 2019 or JetBlue in 2020, it is clear in these cases the
solutions themselves are part of the same concept.

Despite these successes, various critiques and pitfalls have been observed in
both research and practice. A recurring theme is that Data Contracts are only
as effective as the enforcement and monitoring mechanisms behind them.
Seiner (2020) cautions that overly rigid or top-down governance models of-
ten threaten adoption and can lead to governance becoming a checkbox ex-
ercise rather than a lived, continuously enforced practice. Seiner argues that
embedding ‘non-invasive’ governance activities into existing workflows, fo-
cusing on people and culture, and avoiding treating agreements as static
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artifacts lend the best results. Another common critique is that without a
shared understanding of the business meaning behind data, technically valid
datasets may still be functionally inappropriate for their intended use (Fu et
al., 2024).

On the DSA side, overly rigid legal agreements can slow down or completely
inhibit data sharing by introducing delays and bottlenecks in processes.
Khatri and Brown (2010) found that in some organizations, the legal review
process for DSAs introduced multi-week lead times, which conflicted with
the needs of agile data science teams seeking quick access to third-party data.
This raises the important critique that while formal agreements are necessary
to ensure compliance and accountability, they must be balanced with opera-
tional flexibility to support innovation and responsiveness.

Moreover, as Abraham et al. (2019) point out, the implementation of any data
governance mechanism—be it contractual or policy-driven—requires cultural
adaptation. Organizations that successfully implement Data Contracts or
DSAs tend to foster a culture where data stewardship is shared and embed-
ded across roles. In contrast, organizations that treat data governance as a
top-down compliance function often face resistance and limited adoption.

The practical deployment of Data Contracts and Data Sharing Agreements
has yielded valuable lessons across both academic and industry contexts.
Success factors include early stakeholder engagement, automation of en-
forcement, integration into development workflows, and ongoing monitor-
ing. Conversely, common pitfalls involve lack of clarity in contract defini-
tions, misalignment between legal and technical teams, and the risk of bu-
reaucratic overhead slowing down innovation. As these mechanisms con-
tinue to evolve, a balanced approach that bridges legal safeguards with oper-
ational agility appears to be most effective for scalable and trustworthy data
sharing.

Taken together, these technological, organizational, and conceptual shifts led
to the formalization of Data Contracts and Data Sharing Agreements as a dis-
tinct component of modern data architecture (Dehghani, 2022; Segner,
2025; Petersen, 2019). They represent a meeting point of legal and technical
enforcement, offering both human-readable commitments and machine-ver-
ifiable guarantees.
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2.5 Change and Trust in Data Organizations

Change management plays a crucial role in facilitating transitions within
data organizations, particularly in the context of adopting data-driven initia-
tives, improving data governance, and implementing new technologies. Ex-
isting literature on this topic identifies several key themes and strategies es-
sential for successful change management in these contexts. Enhancing data-
driven decision-making is one of the primary goals of change management,
especially during the deployment of Business Intelligence (BI) systems. By
addressing challenges associated with data collection, interpretation, and
presentation, effective change management is found to improve organiza-
tional alignment and decision-making processes (Mahamoud Hasan et al.,
2025).

Combining theoretical change management frameworks with practical appli-
cations is another significant area of focus. Research underscores the im-
portance of bridging the gap between theoretical models and real-world prac-
tice through clear communication, stakeholder engagement, and phased im-
plementation, ensuring the success of change initiatives within data organi-
zations (de Andrade et al., 2016; Buffenoir and Bourdon, 2012). Additionally,
the shift from centralized data governance to distributed models (e.g. data
meshes from chapter 2.2.2), introduces unique challenges and opportunities.
Change management facilitates this transition by promoting adaptability,
collaboration, and continuous learning. Agile methodologies have proven
particularly effective in fostering resilience and flexibility in these scenarios
(Vestues et al., 2022).

Preserving data quality and ensuring system reliability are critical aspects of
change management in IT and data environments. Structured change control
practices minimize risks and disruptions during transitions, enabling organ-
izations to maintain operational stability while implementing new systems or
processes (Mahamoud Hasan et al., 2025). Additionally, in complex and ex-
tended organizations, change management is instrumental in integrating
data governance practices. By addressing organizational complexities and
power dynamics, change management enhances data reliability and organi-
zational control, aligning data practices with broader strategic goals
(Buffenoir and Bourdon, 2012).

Best practices for change management in data organizations include compre-

hensive planning, proactive risk assessment, and fostering a culture of con-
tinuous improvement. Frameworks tailored to the specific needs of data
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governance and sharing help ensure that organizational goals align with tech-
nological advancements (Vestues et al., 2022). Change management thus
emerges as an indispensable component of data organizations, addressing
the challenges of adopting innovative technologies, fostering collaboration,
and ensuring the successful implementation of data-driven strategies. These
insights provide a theoretical and practical foundation for understanding the
interplay between organizational change and data governance.

2.5.1 Organizational Resistance and Change Management

The journey toward data-driven transformation is fraught with challenges
that extend beyond technological implementation to encompass the human
elements of organizational change. Despite significant investments in data
initiatives, many organizations struggle to realize the expected benefits due
to resistance deeply rooted in organizational dynamics (Shamaei, 2023;
McKinsey, 2022). Change fatigue represents a significant barrier to success-
ful data transformations, particularly in environments where multiple initi-
atives compete for attention and resources. According to Stouten et al.
(2018), organizations frequently underestimate the cumulative impact of
concurrent change efforts, leading to employee disengagement and dimin-
ished capacity for adopting data-driven practices. This fatigue manifests as
passive resistance, characterized by superficial compliance without genuine
adoption of new data-centric behaviors and mindsets.

The lack of strategic alignment between data initiatives and organizational
objectives constitutes another primary reason for failure. Dethine et al.
(2020) observe that data transformations often proceed without clear con-
nections to business value, creating a perception that such initiatives repre-
sent technological indulgence rather than strategic necessity. This misalign-
ment engenders skepticism among stakeholders who fail to recognize how
data capabilities advance their specific objectives and priorities. The result-
ing organizational resistance emerges from a perception gap between tech-
nical implementation teams and business units regarding the purpose and
value of data initiatives.

Successfully navigating these challenges requires structured approaches to
change management that address both the technical and human dimensions
of data transformation. Kotter's Eight-Step Process for Leading Change pro-
vides a comprehensive framework particularly relevant to data initiatives
(Kotter, 2012). The model begins with establishing a sense of urgency around
data opportunities, followed by building a guiding coalition that spans
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technical and business perspectives. Creating a strategic vision that clearly
articulates how data capabilities will deliver organizational value represents
a critical third step, addressing the alignment challenges previously identi-
fied. The subsequent phases, communicating the vision, empowering em-
ployees, generating short-term wins, consolidating gains, and anchoring new
approaches in organizational culture, all collectively transform initial mo-
mentum into sustainable change (Kotter, 2012).

The ADKAR model (Awareness, Desire, Knowledge, Ability, Reinforcement)
offers a complementary perspective focused on individual transitions
through the change process (Hiatt, 2006). This model proves particularly
valuable for data initiatives by recognizing that organizational transfor-
mation ultimately depends on individual adoption. Beginning with aware-
ness of the need for improved data practices, the model progresses to culti-
vating desire for participation, developing knowledge of data concepts and
tools, building ability through practice and coaching, and reinforcing new be-
haviors through recognition and measurement. The granular focus of AD-
KAR enables change leaders to diagnose specific barriers to adoption at the
individual level, allowing for targeted interventions rather than generalized
change strategies.

The implementation of these frameworks depends critically on effective
change leadership distributed throughout the organization. Executive spon-
sorship emerges as perhaps the most significant predictor of success in data
transformations. Leaders serve as visible advocates for data initiatives, con-
necting data capabilities to strategic priorities and modeling data-driven de-
cision making (Shamsuddin and Abdul Razak, 2023). Without this executive
commitment, data initiatives struggle to maintain priority amid competing
organizational demands, leading to resource constraints and wavering sup-
port.

Complementing executive sponsorship, specialized roles have emerged to fa-
cilitate change throughout organizational hierarchies. The data product
owner assumes responsibility for ensuring that data assets meet specific
business needs, serving as a translator between technical capabilities and
functional requirements. This role bridges the technical-business divide
through continuous engagement with stakeholders to understand their
evolving data needs and priorities. The data champion function operates at
the grassroots level, cultivating enthusiasm and demonstrating practical ap-
plications of data capabilities within specific business contexts. These indi-
viduals typically possess strong domain expertise complemented by data
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literacy, allowing them to identify high-value use cases that resonate with
their colleagues.

Data stewards address the governance aspects of change, establishing and
promoting standards for data quality, access, and usage. Their focus on policy
development and compliance creates the structural foundation for sustaina-
ble data practices. According to Vilminko-Heikkinen and Pekkola (2019), the
effectiveness of data stewards depends on their ability to balance governance
requirements with practical business needs, avoiding rigid approaches that
impede rather than enable data utilization.

The interplay between these various change roles creates a network of sup-
port for data initiatives, addressing resistance at multiple organizational lev-
els. Successful organizations achieve what Pappas et al. (2018) describe as
ecosystem-level change rather than focusing on any changing actors in isola-
tion. When properly implemented, this distributed change leadership trans-
forms resistance into engagement by demonstrating the tangible value of
data capabilities within specific organizational contexts.

2.5.2 Building Trust through Data Contracts and Data Sharing Agree-
ments

According to Forsyth et al. (2011), “trust is the glue that holds the organiza-
tion together” (pp.111). The establishment of trust represents a foundational
element for any successful organization, particularly the data organizations.
Data contracts and Data Sharing Agreements have emerged as critical mech-
anisms for cultivating this trust by creating formalized understanding be-
tween data producers and consumers.

Data contracts serve as explicit declarations of the properties, qualities, and
behaviors that data consumers can expect from data producers. According to
Frenté and Ladley (2023), these agreements define critical parameters in-
cluding data structure, quality standards, update frequency, and access
mechanisms. The formalization of these expectations transforms ambiguous
data relationships into predictable interactions governed by mutual under-
standing. This transformation proves particularly valuable in distributed
data environments where direct oversight gives way to negotiated agree-
ments between autonomous units.

The trust-building function of data contracts operates through multiple
mechanisms. First, these agreements create transparency regarding data
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lineage and processing, allowing consumers to understand the origins and
transformations of the data they utilize (Segner, 2025; Atlan, 2024; dbt Labs,
2025a). Janssen et al. (2020) note that this transparency directly addresses
the "black box" concerns that frequently undermine trust in data systems,
particularly when analytics drive consequential decisions. Second, contracts
establish accountability by clearly delineating responsibilities for data quality
and availability (Segner, 2025; Khatun, 2024; Sassoon, 2023). This account-
ability mitigates the tendency toward blame displacement when data issues
arise, creating instead a collaborative framework for problem resolution.

Perhaps most significantly, data contracts reduce the "surprise factor" that
frequently erodes trust in data relationships. Unexpected changes to data
structures, quality, or availability represent a primary source of friction be-
tween data producers and consumers. Data contracts mitigate this friction by
establishing notification requirements and change protocols that prevent
unilateral modifications with cascading impacts. (Prudhvi, 2025)

Beyond their governance function, data contracts facilitate cultural transfor-
mations essential for data-driven organizations (Segner, 2025). The process
of negotiating and maintaining these agreements necessitates cross-func-
tional dialogue that breaks down traditional silos (Blohm et al., 2024). Tech-
nical teams gain deeper understanding of business requirements, while busi-
ness units develop appreciation for the complexities of data management
(Wider et al., 2023). This ongoing dialogue creates the capacity to under-
stand data challenges and requirements from multiple perspectives. The re-
sulting collaborative mindset represents a significant departure from the ter-
ritorial approaches that characterized earlier data management practices.

Data sharing agreements extend these principles beyond organizational
boundaries to govern external data exchanges. These formalized arrange-
ments address the additional complexities introduced when data flows be-
tween legally distinct entities with different priorities and constraints. Re-
search by Allen et al. (2014) identifies several critical dimensions of these
agreements: legal frameworks for data rights and responsibilities, technical
specifications for secure data exchange, and operational protocols for main-
taining data integrity throughout its lifecycle. The comprehensive nature of
these agreements establishes the predictability essential for trust in external
data relationships.

The transition toward contract-based data governance represents a signifi-
cant cultural shift for many organizations. Traditional data management
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approaches emphasized centralized control enforced through technological
constraints and policy mandates. The contractual model, by contrast, distrib-
utes authority through negotiated agreements that recognize the autonomy
of both producers and consumers. This transition from control to collabora-
tion aligns with broader organizational trends toward network structures
that emphasize coordination rather than command. This aligns well with
what Carmi et al. (2020) describe as "data citizenship", a mindset character-
ized by shared ownership and collective responsibility for organizational data
assets.

Implementing effective data contracts requires balancing formality with flex-
ibility. Overly rigid agreements quickly become obsolete in dynamic environ-
ments, while vague commitments fail to create meaningful accountability.
Successful organizations develop tiered approaches that establish core prin-
ciples as non-negotiable standards while allowing context-specific adapta-
tions for individual data relationships. This balanced approach aligns with
the perspectives presented by Yaqoob and Thomas (2022), who discusses the
challenges and solutions in data governance within the era of Big Data. Ya-
goob and Thomas emphasize the necessity for a holistic data governance
framework that accommodates the volume, velocity, variety, and veracity of
data, without compromising on data quality, security, and compliance. Such
a framework requires organizations to establish consistent standards that
can adapt to the diverse and dynamic nature of Big Data, ensuring both reli-
ability and responsiveness in data practices.

The trust established through effective data contracts and sharing agree-
ments creates the foundation for organizational data ecosystems character-
ized by reliable exchange and continuous improvement (Segner, 2025, Sas-
soon, 2023). When stakeholders develop confidence in data relationships,
they increase their willingness to depend on shared data assets for critical
decisions and processes. This deepening integration accelerates the organi-
zation's overall data maturity by expanding the scope and impact of data uti-
lization (Blohm et al., 2024; Wider et al., 2023). The resulting virtuous cycle
transforms data from a contested resource into a collaborative, creative com-
mon possibility that advances collective organizational objectives.
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3 Methodology

This chapter outlines the methodological choices, including the case context,
research design, data collection methods, and analytical strategy employed
in this thesis. The chapter is structured as follows: Section 3.1 introduces the
case company; Section 3.2 presents the case description; Section 3.3 outlines
the research design; Section 3. 4describes data collection; and Section 3.5
details the analytical approach; and finally, section 3.6 discusses ethical con-
siderations.

3.1 Company Background

UPM is a Finnish forest industry company with a long history dating back to
the 1870s. The company has undergone significant transformation from a
traditional paper manufacturer to a diversified biomaterials-forest industry
leader, focusing on renewable alternatives for fossil-based materials. Today,
UPM positions itself as a leader in the biomaterials and forest industries, fo-
cusing on sustainable solutions and innovation. UPM operates globally, em-
ploying approximately 17 000 people in 43 countries, running production fa-
cilities in 12 countries, and a sales network extending to most parts of the
world. UPM is listed on the Helsinki Stock Exchange, and its headquarters
are located in Helsinki, Finland. In 2023, UPM’s sales were reported at 10,5
billion euros.

UPM consist of seven business areas, controlling the entire value chain from
forests to end products. This vertical integration allows for high resource ef-
ficiency, maximizing the value of wood raw materials through various prod-
ucts, such as packaging, construction, and bioplastics. However, each busi-
ness entity operates independently. Within the scope of this thesis, inter-
views were targeted at two business areas, UPM Fibres and UPM Energy, as
well as the Finance and Controlling (FC) function. The chosen areas and
data-specific details pertaining to these areas are presented in the next chap-
ter.

3.2 Case Context

Initial inspiration for this topic stemmed from the work that has been carried
out in UPM by an Information Architects’ Working Group (IAWG). Within
the weekly IAWG meetings, Information Architects from different business
areas and functions are invited to participate in discussions on various IA
topics, such as project updates, best practice development etc. One of the

44



recurring topics this council came across has to do with the differing data
maturity levels and ways of defining relevant roles, terminology, and respon-
sibilities in data organizations.

The TAWG is hosted by the Digital and Data Management Office (DDMO),
which operates under the IT function. The mission of DDMO is to assist the
entire UPM Group in its goal of being more digitally savvy and data oriented.
Many sessions of IAWG are aimed to help business areas to adopt and utilize
the Common Data Platform (CDP), which is also part of the responsibilities
of DDMO. The CDP is comprised of multiple data sources that are integrated
with Snowflake to allow for frictionless data access from many sources to
many end users and their goals. While writing this thesis, the researcher was
employed by DDMO.

UPM Fibres comprises UPM's pulp and timber operations. The pulp business
produces both hardwood and softwood pulp for various end-uses. The timber
business produces certified sawn timber for construction, joinery, and furni-
ture industries. UPM Fibres employs around 2 500 people and in 2023 had
sales totalling 3,04 billion euros.

Data management in the pulp industry is increasingly shaped by regulatory
demands for supply chain traceability and environmental compliance, as well
as by digitalization trends in process optimization. A key legislative driver is
the EU Deforestation Regulation (EUDR, Regulation (EU) 2023/1115), which
requires companies placing forest-risk products, including pulp and paper,
on the EU market to demonstrate traceability of raw materials to their source.
By the end of 2024, large companies must implement systems that collect
and share location-specific data for all wood inputs, with small operators fol-
lowing in 2025 (European Commission, 2023). In response, pulp producers
are advancing digital data exchange systems to manage the complexity of
tracking wood origin, supplier identity, and batch-level processing. Tools in-
clude geolocation systems, satellite monitoring, and Radio Frequency Iden-
tification (RFID) tracking that feed into Enterprise Resource Planning (ERP)
platforms.

Internally, pulp mills rely on large volumes of industrial process data col-
lected from continuous production systems. This includes sensor data on
temperature, chemical usage, energy efficiency, and emissions. These da-
tasets are utilized to support optimization, predictive maintenance, and com-
pliance with environmental regulations. Leading Finnish operators, such as
UPM, utilize such data with machinery suppliers and partners in real-time.
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What sets the pulp industry apart is the dual need to handle both transac-
tional traceability data for compliance and high-frequency, high-volume sen-
sor data for process control. These are often managed in separate systems
with differing governance, which can introduce complexity in aligning data
policies, especially when third-party platforms are involved.

UPM Energy is the second-largest electricity producer in Finland, focusing
on CO2-free energy generation. The business area operates through hydro-
power plants and nuclear power plant units through shareholdings. It partic-
ipates in the Nordic electricity market and emphasizes low-emission electric-
ity generation. In 2023, UPM Energy employed around 80 people and had
sales totaling 628 million euros.

Data sharing in the Finnish electricity sector is shaped by both EU-level reg-
ulations and national implementations, aimed at ensuring transparency,
consumer rights, system interoperability, and market fairness. At the EU
level, Regulation (EU) No 543/2013 requires electricity market participants
to publish data on generation, load, transmission, and outages through the
ENTSO-E Transparency Platform. This supports fair market access and op-
erational coordination. In parallel, Directive (EU) 2019/944 and Implement-
ing Regulation (EU) 2023/1162 guarantee consumers’ rights to access and
share their metering data in a standardized format across all member states
by 2025. These measures are reinforced by the Data Governance Act
(2022/868) and Data Act (2023/2854), which provide a legal basis for trust-
worthy data access across sectors, including energy. To prevent market ma-
nipulation, REMIT (Regulation EU 1227/2011) mandates reporting of whole-
sale energy transactions and inside information, monitored by the EU
Agency for the Cooperation of Energy Regulators (ACER). This applies di-
rectly in Finland.

At the national level, Finland’s key implementation is Datahub, a centralized
information exchange platform for the retail electricity market launched in
2022 and operated by Fingrid Datahub Oy. All electricity retailers and distri-
bution system operators are legally required to use it for exchanging contract,
metering, and customer data. Datahub ensures encrypted communication,
GDPR-compliant data handling, and consumer control over third-party ac-
cess.

The Finance and Controlling function at UPM supports all business areas
through financial planning, reporting, and performance management. While
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not a business area in itself, this function plays a critical role in data consoli-
dation, governance, and decision-making. It acts as a central node for finan-
cial data flows, budget forecasting, and investment analysis.

Within the scope of this thesis, Finance and Controlling provides valuable
insight into cross-functional data coordination, especially where data must
be harmonized across different systems, business areas, and geographies.
This includes integration with ERP systems, business intelligence platforms,
and compliance with financial reporting standards. As the whole UPM Group
continues to advance its digital capabilities, the Finance and Controlling
function is increasingly involved in shaping data architecture and governance
frameworks that are utilizable by all areas while simultaneously aligning with
regulatory requirements, business needs, and sustainability goals.

Out of all UPM Business areas, these three were selected based on some lim-
itations and specialties. Firstly, given the scope of a Master’s thesis, it was
clear that not all business areas could be analyzed. Secondly, the business
areas were compared in the early stages of this research by their core func-
tion, data maturity level, size, complexity and interconnectedness based on
preliminary discussions with UPM stakeholders. Thirdly, the preliminarily
selected areas and personnel were contacted in order to validate their will-
ingness and capability to participate and represent their business area in this
case study.

Given these considerations, the research ultimately focused on three areas —
Fibres, Finance and Controlling and Energy — as they represent distinct yet
interconnected domains. These areas encompass a broad range of core func-
tions, making them suitable for comparative analysis. Additionally, they each
make sufficient use of data and tools, allowing for a critical assessment of
their data maturity and background understanding of DCs and DSAs. At the
same time, they present identifiable challenges, which makes them relevant
and valuable for investigation.

3.3 Research Methods

This study is a qualitative and empirical single-case study, with semi-struc-
tured interviews as the primary method of data collection. A single-case study
design allows for in-depth exploration of complex phenomena within their
real-life context (Stake, 1995). The selected case company provides a relevant
environment for studying how data contracts are understood, implemented,
and experienced by internal stakeholders.
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Given that data contracts remain an emerging topic with limited prior em-
pirical research, a qualitative approach was deemed most suitable to produce
a nuanced and context-sensitive understanding. As Eriksson and Kovalainen
(2008) argue, qualitative methods are especially well-suited in business re-
search where the objective is to understand how and why certain processes
evolve. A qualitative approach suits the exploratory nature of this thesis,
which aims to uncover organizational dynamics, challenges, and perceptions
surrounding the development and use of Data Contracts and Data Sharing
Agreements.

Qualitative research also offers methodological flexibility, which is particu-
larly valuable when studying evolving concepts like data governance and con-
tracts. Braun and Clarke (2006, 2012) emphasize that qualitative methodol-
ogies, especially thematic analysis, enable researchers to uncover patterns
and meanings in empirical data without pre-imposing rigid theoretical struc-
tures. This approach allows insights to emerge more organically from partic-
ipants' experiences.

To access first-hand insights into organizational data practices, semi-struc-
tured interviews were selected as the primary method of data collection. In-
terviews were conducted with employees from different divisions of the cor-
poration. As the interview approach is semi-structured, the interviews are
conducted with predetermined questions in mind, but do not limit the con-
versation to only focus on them (Wilson, 2014). This approach allows the in-
terviewees to enrich the conversation with more context and their individual
knowledge (Given, 2008). This method supports inductive reasoning, ensur-
ing that insights are grounded in the participants’ own perspectives rather
than predefined categories.

With Stake’s (1995) categorization, this thesis follows the logic of an intrinsic
single-case study. The research is motivated by the uniqueness of the case
organization and its specific approach to managing data contracts, rather
than aiming to generate generalizable theory. This intrinsic focus allows for
a detailed examination of the organization’s internal practices, making it pos-
sible to surface context-specific insights that may otherwise remain invisible.
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3.4 Data Collection

To understand how data contracts are interpreted and applied within the or-
ganization, semi-structured interviews were chosen as the primary data col-
lection method. This method offers a balance between consistency across in-
terviews and flexibility to probe deeper into emerging themes. Semi-struc-
tured interviews are particularly useful in exploratory research, as they allow
participants to articulate their perspectives in their own terms while remain-
ing focused on core topics (Wilson, 2014; Eriksson and Kovalainen, 2008).
The questions and a glossary of relevant terminology were sent to the partic-
ipants beforehand and are displayed in the tables below.

Table 1 — Interview Questions

Question 1 | Describe your position and experience at UPM and elsewhere, if
relevant.

Question 2 | Describe your business area/function (and its data culture).

Question 3 | Which tools and systems do you mostly use when working in your
role?

Question 4 | Describe any use cases where you have been working with data
contracts or data sharing agreements at UPM, or within your other
experiences.

Question 5 | What has your role been when working with these topics?

Question 6 | How have your experiences with DCs and DSAs been? Describe any
issues or successes you have had.

Question 7 | How do you see DCs and DSAs having an impact on your work in
the future?

Question 8 | Where would you see DCs and DSAs being useful? Describe current
situations where they are in use or situations that you think might
emerge.

Question 9 | How do you think work within your business area/function could
change from a more widespread adoption of DCs and DSAs?

Question 10 | How do you think your business area/function could be assisted in
the adoption of DCs and DSAs?
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Table 2 — Data glossary

A data product is a set of data assets that is productized by add-
ing services, interfaces, and standardization, making it modu-
lar, reusable, and purpose-driven. It represents one or more
data concepts, encapsulates the necessary components for pro-
cessing and storing data, and provides access through well-de-
fined interfaces governed by a data contract.

A data concept refers to a fundamental idea, entity, or category
Data Concept | used to represent and organize data. It provides a logical way to
describe data's nature, meaning, and relationship to other data.
A data asset is any digital object or entity made up of data that
has value and is logically organized. Data asset always has an
owner. It could be a dataset, document, visualization or data
service.

A data contract is a document that defines the structure, format,
semantics, quality, and principles for exchanging data between
a data provider and their consumers. Data contracts specify the
expectations of data dependencies and verify given guarantees.
A Data Sharing Agreement (DSA) is a mutual agreement be-
Data Sharing | tween one data provider and one data consumer on data usage
Agreement for a specific use case in a specific context. A DSA documents
what data is being shared and how it can be used.

Data Product

Data Asset

Data Contract

In total, 10 interviews were conducted. Each interview lasted between 40-60
minutes. Interviews were conducted via Microsoft Teams to accommodate
participants across multiple locations. With participants' consent, interviews
were recorded and transcribed using Teams’ native Al-assisted tools. Tran-
scripts were subsequently reviewed and corrected to ensure accuracy.

Interviewees were selected from three different business areas or functions.
These areas differ vastly from each other, which makes for interesting juxta-
position and comparison possibilities. The roles in which interviewees are
working range from end-users to higher-up managers, which also allows for
drawing similarities and differences based on the views the different roles
hold.

Interviewees were given the option to speak in either English or Finnish, de-
pending on their preferences, to ensure that the data collected was as rich
and accurate as possible. Direct quotes featured in the Findings-chapter were
translated as directly as possible from Finnish to English, while idioms and
metaphors were clarified into understandable language rather than rigidly
translated. Questions were framed in accessible language, avoiding academic
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or overly technical jargon. The interview included a core set of themes but
allowed room for improvisation and follow-up based on the participant's re-
sponses. This flexibility helped capture unanticipated insights. The inter-
viewee details are displayed in the table below.
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Table 3 — Interviewees

Alias Title Area years at | interview language of in-
UPM length terview
(minutes)
Interviewee E1 | Manager, Strategy and Finance Energy 13 50 Finnish
Interviewee E2 | Data Engineer, Information Architect Energy 2 49 English
Interviewee E3 | Middle-office Manager Energy 1 48 Finnish
Interviewee FC1 | Business Control Manager Finance and Controlling | 8 54 Finnish
Interviewee FC2 | Information Architect Finance and Controlling | 2 58 Finnish
Interviewee FC3 | Data Solution Manager Finance and Controlling | 1 49 Finnish
Interviewee FC4 | Data Solution Manager Finance and Controlling | 6 52 Finnish
Interviewee F1 | Data Management and Analytics Manager | Fibres 4 42 Finnish
Interviewee F2 | Data Manager Fibres 19 54 English
Interviewee F3 | Data Specialist Fibres 2 53 Finnish
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The interview guide evolved in parallel with the literature review and initial
findings, enabling the researcher to iteratively refine the line of questioning
and deepen the focus on emerging areas of interest. Interviews began with
broad questions about participants’ roles and relationship to data and con-
tracts, followed by more specific prompts regarding processes, challenges,
and organizational structures surrounding data contracts.

3.5 Data Analysis

Findings from the interviews are analyzed using thematic analysis. Intro-
duced by Braun and Clarke (2006), thematic analysis looks for recurring pat-
terns or themes in the research data. This method was utilized in applicable
parts in the making of this thesis. Through thematic analysis, identifying
common themes and issues across interviews, the goal is to gather the inter-
viewees’ insights on experiences, expectations, and concerns regarding DSAs
and DCs. The data analysis for this thesis was based on Braun and Clarke’s
(2006) six-step framework:

1. Familiarization with the data — Going through all generated interview
data, creating transcripts, listening to recordings, making initial ob-
servations

2. Generating initial codes: Assigning codes to the data by systematically
identifying important features and organizing them

3. Searching for themes: Clustering related codes into broader themes
that reflect overarching patterns

4. Reviewing themes: Iteratively refining themes for internal coherence
and distinctiveness

5. Defining and naming themes: Formulating clear and precise labels for
each theme

6. Producing the report: Integrating the themes into the structure of the
findings, supported by direct excerpts from the interview data.

Coding was done manually using printed-out transcripts and sticky notes,
where sentiments were extracted, annotated, and clustered into categories.
Initial codes were purposefully quite broad, such as ‘using the Common Data
Platform (CDP)’, ‘agility’, ‘bureaucracy’, or ‘wild west’. Initial codes evolved
through repeated iterations into more refined analytical categories, such as
‘roles and responsibilities’, ‘opposing forces’, or ‘shared visions’. Some codes,
such as the ‘CDP’, contributed to multiple themes, as it pertained to both bal-
ancing central and local governance, and Data Democratization.
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While themes were primarily grounded in the empirical data, the analysis
was informed by concepts from the literature review, creating dialogue be-
tween theory and data. This approach enabled the identification of both ex-
pected and unexpected patterns in participants’ responses. The figure below
presents an example of how the analysis progressed from initial codes to sub-
themes and finally themes, which inform the structure of Chapter 4 - Find-
ings.

DATACULTURE -,

COMMON
UNDERSTANDING s SHARED VISION

USINGCDP -~
CENTRAL GOVERNANCE

VERSUS LOCAL AUTONOMY

BUSINESS AREA
GOALS T~

AGILITY  ------------ : -2 INDEPENDENCE

DATA e
PROTECTION

Figure 1 — Example progression of Thematic Analysis

3.6 Ethical Considerations

According to Nii Laryeafio and Ogbewe (2023), the main ethical considera-
tions in qualitative interview data collection are anonymity, privacy and con-
fidentiality, voluntary participation, option to opt out as well as avoiding mis-
use of acquired interview data. This study aimed to follow all the listed topics
as well as possible. All participants were provided with clear information
about the study’s purpose, proceedings, and their right to withdraw at any
time. Their participation being voluntary and the option to opt out were
noted in the invitation emails, as well as in one-on-one conversations before
and during the interview process. Informed consent was obtained prior to
participation, both written consent in the form of email confirmations as well
as a verbal agreement in the beginning of each interview. Interviews were
recorded and transcribed only after obtaining verbal consent from the inter-
viewees.
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Efforts were made to ensure confidentiality, privacy and anonymity by as-
signing aliases to the interviewees and securely storing all data on encrypted,
password-protected devices. Only the researcher has had access to identifia-
ble information, which is to be destroyed following the completion of the
study. Care was taken to minimize any potential psychological or social risks
to participants, and all interviews were conducted in a respectful, non-intru-
sive manner. The findings will be presented truthfully and transparently,
with appropriate credit given to all contributors.

The researcher was employed by UPM during the period of the study and
received financial compensation from the company. This dual role as both
employee and researcher presents potential risks for bias or perceived con-
flict of interest. To mitigate this, the research was designed with transpar-
ency, and participants were made aware of the researcher’s position within
the company. Furthermore, data interpretation was grounded in academic
standards, and findings were reviewed with methodological rigor. Efforts
were also made to separate the researcher’s operational role from the re-
search process. Interview participants were selected outside of the re-
searcher’s own function and across different business areas to ensure a range
of perspectives. The researcher was committed to providing a realistic and
truthful picture of the case study and prioritizing objectivity.
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4 Findings

This chapter will go through the findings from the interview data, offering
insight into the current state of DCs and DSAs in the organization, as per-
ceived by chosen stakeholders involved in the data contract process. Inter-
viewees are pseudonymized with abbreviations of their home organization,
where employees from Energy, Finance and Controlling and Fibres are pre-
sented as E, FC and F, respectively. The chapter is structured into three sec-
tions, each addressing a core theme identified through the interviews. This
chapter starts with generalizable topics, then deepens into more profound
organizational challenges, and finally addresses DC and DSA-specific practi-
cal applications and paradigms. The narrative builds from foundations to en-
ablers and finally to applications. For each theme, a summary of key insights
from the interviews is provided.

First, the overarching governmental challenges are presented. In the inter-
views, many stakeholders admitted to feeling torn between opposing forces,
while doing or trying to improve their work. These Balancing Acts are pre-
sented in chapter 4.2. While an important finding in and of themselves, they
also lay the groundwork for the following chapters. Chapter 4.3 on Funda-
mental Challenges relates to organizational and cultural pain points reflected
in the interviews. Lastly, in chapter 4.4, the findings specific to Data Sharing
are presented.

4.1 System Level Government Tensions

Throughout the empirical material, a recurring theme emerged around the
tensions and trade-offs inherent in implementing new data governance prac-
tices, particularly those related to data contracts, within a complex, hetero-
geneous organization. These tensions highlight the need to balance strategic
ambitions with operational realities and reflect differing levels of data ma-
turity, organizational readiness, and technological capacity across business
areas. This chapter outlines these balancing acts.

4.1.1 Central Governance and Local Autonomy

A recurring theme in the interviews concerns the tension between organiza-
tional-level pull toward coherence and standardization and localized-level
pull toward autonomy and context-sensitive business cases. On the one hand,
centralized governance, harmonization efforts, and shared architectural vi-
sions are seen as essential for overcoming silos, reducing redundancy, and
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fostering interoperability across the enterprise. These aspirations align with
broader ambitions to create common ways of working, shared routines, and
architectural coherence. Interviewee E3 emphasized the ambition to move
towards a more common way of working:

Some elements [of code] could be important not only locally but also
to other business areas, and if written properly, they could be reused
across multiple contexts.

Yet, the very same processes encounter resistance or hesitation at the local
level, where business units emphasize the necessity of flexibility, adaptation,
and ownership. Strict standardization does not always align with operational
realities, and in some cases, synchronizing all systems is neither feasible nor
desirable, particularly with varying business models or regulatory conditions
across markets. Several interviewees highlighted how data sharing continues
to be hindered by siloed practices, despite investments in shared platforms
such as the Common Data Platform (CDP). As interviewee FC1 explained:

Data sharing still remains a challenge. Even with the CDP, there are
silos. Each business operates largely independently, and even within
finance, teams work rather autonomously. This means best practices
are not necessarily shared effectively, and at times, work is dupli-
cated.

This lack of cross-functional integration was similarly noted by interviewee
FC2, who pointed to fragmented team structures and the absence of interop-
erability:

Each analytics team mostly uses what they have developed within
their own silos. There has been no holistic or cross-functional view.
Different parts of the organization use their own entity structures,
which are not interoperable. And once something has been built in-
house, it tends to be protected like one’s own child, making collabo-
ration even more difficult.

These accounts show how organizational-level push toward integration run
into localized practices of ownership and self-protection, producing friction
rather than coordination. At the same time, participants stressed that local
autonomy is not simply a matter of being territorial, but a necessity tied to
the specific demands of their markets and regulatory environments. As in-
terviewee E1 emphasized:
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If someone says UPM should start doing things in a certain way, we
assess whether it works for us. If it does, we adopt it immediately.
But it is often hard to make it work, because we have a strong will
here [at UPM Energy] and existing practices that already function
well. Synchronizing systems is not always in the interest of the busi-
ness. For instance, in the electricity market regulation has a huge im-
pact on what we are allowed to do. The obstacles are not about peo-
ple refusing change, but about legal and market constraints.

This perspective underscores that governance is not merely a top-down tech-
nical matter; it is entangled with sectoral regulation, local market conditions,
and the embeddedness of established practices. Standardization may provide
efficiency gains, but its suitableness to a given situation must be judged on a
case-by-case basis, by the actual value it brings.

This tension between organizational-level and localized-level pull also man-
ifested in the discussion of how new modes of operation should be imple-
mented: through so called ‘pilot projects’, one subject at a time, or organiza-
tion-widely, equally for every area. Pilot projects were often described as test
subjects or “guinea pigs,” offering effective ways to experiment and demon-
strate value and change, especially in areas with higher maturity. They are
seen as momentum builders and proofs of concept. Yet, while pilots showcase
potential, they can also create uncertainty and fragmentation if their purpose
and outcomes remain unclear. As participant FC1 recalled of their first expe-
riences with adopting DC- or DSA-style ways of working:

It was honestly quite unclear during the project phase. We were
probably among the first guinea pigs when these whole data contract
and data sharing elements were introduced. I did not fully under-
stand why this was done or what the idea was supposed to be. It was
a rather confusing process, as everyone was learning at the same
time.

Others, such as participant F3 below, suggested hybrid models that balance
the organizational and local pulls more effectively:

I would prefer a kind of hybrid approach. At first, involve everyone
to some extent, and then select one bigger or better-resourced unit to
pilot more intensively. That way, it is easier to gain experience while
others remain somewhat involved, rather than hearing afterwards
that something was done without them.
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This reflects a desire for mechanisms that allow experimentation without ex-
cluding others, combining the agility of localized pilots with the legitimacy of
organizational inclusion.

Pragmatic steps were also described as potential ways to bridge the divide.
Incremental harmonization, such as introducing shared naming conventions
or centralized visibility into data flows, was seen as enabling coordination
without threatening local autonomy. As interviewee FC4 stated:

[Standardization] doesn’t always have to mean rethinking every-
thing from scratch. Even something as simple as how integration
schemas are named can become a routine. It is good that we now
have centralized data, and we can see what integration schemas are
shared and where they are distributed. Still, I would like to have a
clearer overview of ‘my data’ as a data product owner.

These small but concrete measures highlight how organizational-level coher-
ence can be advanced without imposing disruptive or rigid uniformity. To-
gether, these accounts suggest that balancing between organizational and lo-
calized pull is at the core of governance in complex data environments. Cen-
tralization promises efficiency, integration and shared direction, but it risks
undermining local realities, ownership and contextual specificities. Con-
versely, local autonomy allows responsiveness and contextual fit, but without
structures of coordination it perpetuates silos and duplication. Navigating
this tension requires not only strategic governance design but also pragmatic
compromises, such as hybrid pilot approaches and incremental harmoniza-
tion, that enable coherence while respecting diversity.

4.1.2 Control and Agility

The introduction of formalized Data Contracts embodies a duality of promise
and apprehension, showcasing a broader tension between control and agility.
On one side, advocates emphasize the role of contracts in clarifying respon-
sibilities, improving documentation, and reducing dependence on individual
knowledge. They create transparency regarding data dependencies, enable
the enforcement of standards, and contribute to more robust and reliable
data pipelines. By setting agreed expectations, contracts also provide a refer-
ence point for accountability. As respondent E3 explained:

Data contracts bring clarity. And at the same time, they set obliga-

tions to those who are responsible. When a certain level has been de-
fined, that we want to maintain, it becomes easier to rely on.
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This view was echoed in accounts highlighting the technical enforcement
possible in technical environments in use at UPM, such as dbt. Participant
FC3 explained:

In dbt, there are technical features that prevent you from breaking
the models you have shared. The benefit is that you can rely on the
model defined in the data contract, so that when it is updated, your
own model updates as well. We need to invest in the technical side
and in those dbt data contracts.

Yet these perceived benefits are accompanied by concerns about rigidity and
overhead. Contracts risk being seen as compliance exercises—documents
that are rarely consulted unless something goes wrong—rather than as living
instruments that actively support collaboration. This fear was captured by
participant FC3:

It feels like with Data Sharing Agreements, we're trying to include as
much info as possible, even when it’s not needed. For me it should
only state what the data is used for, who requested it, and who gave
the approval. I don’t think anyone uses or needs them afterwards,
unless something has gone wrong. Otherwise, they’re just a compli-
ance thing.

This distinction between proactive value creation and reactive compliance
runs through many accounts, raising questions about whether the additional
work is justified if the perceived benefits remain intangible in day-to-day
practice.

The administrative burden of contracts also generated frustration among
teams accustomed to working quickly. As interviewee FC1 recalled:

In data projects we often want to move forward quickly. We have
ideas about how to implement something but then run into bureau-
cracy. Either we can’t access data or need multiple approvals, which
takes time. This slows down our work and increases costs, since we
often work with external parties. From an efficiency perspective, it
felt like a burden.

This illustrates the dilemma: while contracts provide safeguards and govern-
ance, they may also slow down innovation and create barriers to experimen-
tation if the processes are perceived as too heavy. Participants also pointed
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to the practical risks of overly restrictive access processes. If obtaining data
through formal systems is too slow or uncertain, workarounds emerge. As
interviewee E2 stated:

It’s very hard to share secrets in CDP. I can tell access management
that someone needs access, and it just doesn’t happen. If I have to
wait two weeks and still nothing happens, then I just share it directly
over less secure channels. Getting the data fast is the most important.

Such accounts highlight how excessive control can paradoxically undermine
security by incentivizing undesirable practices. This ease-of-access issue (or
lack thereof) also raises the question of the broader trade-off between speed
and by-the-book-ness. In many business contexts, the timely availability of
data, even if imperfect, is seen as more valuable than waiting for complete,
fully validated datasets. Participant F1 describes this:

It is often better to have something than nothing, so we can react. We
can'’t just stay stuck in endless discussions or have seven people de-
bating how to name a single field. Of course, things can be done very
diligently and slowly, but then we may never deliver anything.

Several participants highlighted how the value of any new guidelines, espe-
cially DCs or DSAs, is realized unevenly over time. As respondent F3 summa-
rized, speculating on the effect that adopting DCs and DSAs might have on
his everyday work:

In the short term it adds work, in the medium term it becomes neu-
tral, and in the long run it saves time.

This temporal dimension suggests that the tension between control and agil-
ity is not static, but shifts as practices mature and as the accumulated benefits
of standardization begin to outweigh the initial investments. Nevertheless,
interviewees stressed the importance of minimizing unnecessary bureau-
cracy through templates or simplified procedures for low-risk cases, in order
to prevent innovation from stalling.

Balancing between control and agility emerged as a core governance di-
lemma. Contracts and formal structures provide clarity, accountability, and
reliability, but they may also impose rigidity and slow down the speed and
responsiveness that data-driven business aims to achieve. Moving too fast or
haphazardly can undermine trust in the data, while excessive formalization
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risks stifling innovation. Navigating this tension requires context-sensitive
solutions: lightweight templates for low-risk cases, stronger technical en-
forcement where dependencies are critical, and a careful assessment of pro-
cesses to ensure that governance mechanisms enable rather than obstruct
organizational agility.

4.1.3 Short-Term Fixes and Sustainable Practices

The legacy of siloed and ad-hoc solutions continues to shape the organiza-
tion’s data landscape. Interviewees described how their data organizations
have been historically guided by a culture of quick problem-solving, which
provided agility in the moment but now complicates the establishment of
more sustainable practices. At the same time, some interviewees emphasized
that ad-hoc solutions continue to generate value, and that their organiza-
tional culture still relies heavily on them. As F1 put it:

Data work is still very ad hoc, and most of the value we create still
comes from those kinds of solutions. We are very good at making
quick fixes, but now we also need to define how we maintain and best
utilize them.

This account reflects the aspiration to develop interoperable and reusable
data products that reduce duplication and inefficiency. The promise of a
shared platform lies in its ability to create standardized outputs that benefit
multiple projects at once. Interviewee FC2 illustrated this point:

Does it make sense to produce the same thing through two different
routes? Or should we define a common standardized data product
that can be shared across projects? That way, we save enormous
amounts of time and resources. The whole idea is not to reinvent the
wheel or throw money out the window.

From this view, sustainable practices are not simply about technical solutions
but about embedding a mindset of reusability and efficiency within the or-
ganization. However, this shift is complicated by the persistence of legacy in-
frastructures. Participant E1 framed their current situation, moving from a
15-year-old legacy system to a new shared data platform:

Of course, this [old system] does not work in the long run, but chang-
ing it is not easy either, since all operations depend on it. That is why
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the transition to the Common Data Platform has to be carried out
piece by piece.

This dependency illustrates how short-term fixes can gradually become long-
term constraints, making transformations to more longstanding solutions
slow and risky. As interviewee E2 phrased it:

Unfortunately, it takes a very long time to migrate [the current data-
base] to CDP. I would have liked to be done by now already, but
there's just so many processes that hang to it, and it's very difficult to
change a tire on a running car.

The lack of proper documentation seems to make implementing sustainable,
long-term solutions even more difficult. However, even when participants
agreed on the need for proper documentation, their faith in getting better
practices implemented seemed to be dimmed by time and resource con-
straints. Many interviewees shared in this frustration and stressed the im-
portance of shared documentation practices, such as FC2:

Even if you have the finest solutions, if no one knows about them,
someone else may end up reinventing the same thing. But documen-
tation always falls short because there is too little time, and no one is
sure whose responsibility it is.

E3 elaborated in a similar vein:

Everyone who knew anything about the system had already left. No
one really understood what the code was supposed to do or even
where it was. It took me a year to document it while trying to manage
daily tasks at the same time. Things would be clearer if everything
was documented in a way that makes it easy to find. That would be
ideal. But I don't believe in any organization these things are ever
perfect, because at some point the effort of maintaining all the docu-
mentation becomes too great, unless you hire someone just for that.
Do we want to take on that cost?

These accounts demonstrate how reliance on short-term fixes, without ac-
companying documentation and governance, perpetuates inefficiencies and
risks, and hinders the move toward sustainable practices that could stand the
test of time. Many of the existing solutions originated as temporary worka-
rounds that successfully addressed immediate problems but gradually
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produced fragmented infrastructures, which today prove difficult to integrate
or scale.

4.2 Organizational Readiness and Roles

Many participants in this study shared thoughts of unclear roles and respon-
sibilities as well as the prevailing culture around data. Questions of the or-
ganizations capability and willingness to act on them were pointed out by on
multiple occasions. This chapter goes through these organizational and cul-
tural findings.

4.2.1 Roles, Ownership, and Accountability

A recurring challenge in data-related projects is the unclear definition of
roles and responsibilities. Confusion often arises over seemingly basic tasks,
such as where documentation should be stored as discussed in the previous
chapter, especially when different teams employ different tools and systems.
Within the context of Data Contracts, the responsibilities of each actor, in-
cluding data owners, information architects, and project managers, have of-
ten been unclear.

Even the role of the information architect has been subject to interpretation.
In some cases, questions emerged as to whether architects should act merely
as facilitators or also contribute content-wise.

Several interviewees reported that development teams sometimes failed to
prioritize enabling data sharing, even when specifications and contractual
agreements were formally in place. These experiences highlight the im-
portance of active engagement from both data owners and project leads to
ensure that projects advance according to plan. As Interviewee FC1 reflected
on their past experiences:

I was the project manager, responsible for the project. I must admit
that it remained somewhat unclear what the role and responsibility
were in the data contract, for example.

Several participants emphasized that clearly defined roles, responsibilities,
and rights are crucial to avoiding project deadlocks. When authority is un-
clear, the individual expected to act may lack both the tools and mandate to
do so, rendering data contracts theoretical rather than practical instruments
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for change. In particular, the role of the Head of Data (HoD) was reported as
inconsistently interpreted and sometimes ineffectively executed, while infor-
mation architects (IAs) frequently described feeling isolated and overbur-
dened, working largely alone within the data production chain. As stated by
participant F1:

One big challenge is that we don't have a common alignment on dif-
ferent levels, and we lack a shared vision in a way that we could get
the heads of data involved, and I don't really see that working at the
moment. -- Many IAs feel alone with these tasks, which are not small.
Even though many people work in the production chain, only a few
work with the data in it. In IAWG, we have half-time, full-time, or
one-seventh-time people in the group, with no clear mandate or re-
sources to execute things, and that shows.

A major perceived advantage of data contracts lies in their ability to enforce
and clarify data ownership. By requiring that a specific individual assume ac-
countability for a given dataset, contracts help address the longstanding
problem of unclear or absent ownership. As noted by participant FCi1:

What Data Contracts and DSAs can certainly bring is that they force
ownership onto someone, as someone must take responsibility, and
that person becomes the owner of this data. Even those who have
been developing it for a long time may not always be clear about who
is accountable, so I see this as a positive opportunity from [Data Con-
tracts and Data Sharing Agreements].

Clearly documented ownership enables accountability, ensuring that stake-
holders know whom to contact, and provides a foundation for more struc-
tured and reliable data governance. Additionally, DCs and DSAs clarifying
roles can be seen alleviating pre-existing dependencies on individual people.
As participant E1 stated, hoping that these tools could include the topic of
person-dependency as well:

In many parts of our operations the scale is so small, with so few
people, that we have maybe just one or two people who know how to
do certain things. The person-dependence is huge. I think this should
be seen there [in DCs and DSAs] as well. This is really critical in an
area where the whole business relies on data. It’s tough if someone
leaves.
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However, despite this potential, many parts of the organization still lack for-
mally assigned data owners, or assigned individuals remain uncertain about
their responsibilities, a situation that continues to hamper the full realization
of contractual benefits.

4.2.2 Leadership, Culture, and Maturity

Many of the challenges related to roles, ownership, and accountability are
underpinned by broader organizational structures and leadership models.
Without foundational elements, such as clear ownership, well-defined roles,
and repeatable practices, it is difficult to adopt more advanced data practices,
including the use of data contracts, particularly in less mature business areas.
The decentralized nature of data team leadership, where teams operate inde-
pendently, often deepens fragmentation and inhibits harmonization.

Interviewees repeatedly emphasized the need for stronger top-level support
and strategic vision. At present, they feel there is no comprehensive com-
pany-wide mandate for Data Contracts, and data work is not consistently pri-
oritized at the leadership level.

Leadership involvement is particularly important in recognizing the value of
less visible work, such as governance, documentation, and system alignment,
which is essential to enable high-impact outcomes. Respondent F1 described
the challenges of many responsibilities with limited resources:

What could go better is prioritization: are we mature enough to focus
on the basics so that we are ready for this work? We simply cannot
handle it all. We need proper roles and responsibilities, and this is
part of maturity: we cannot expect the work to be done unless it is
resourced appropriately. It is very difficult to get resources for this
invisible, tedious work.

Additionally, multiple interviewees stated that expectations for adopting
standardized practices must be aligned with performance metrics, as it is un-
reasonable to hold individuals accountable for outcomes they cannot influ-
ence. Speculating on the success of DC and DSA implementation, participant
E3 shared:

It really depends on how these are tied to people’s performance bo-

nuses. My predecessors had no pressure to complete documentation,
so it was not done. Immediately after my predecessor left, objectives
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were set for my colleagues to produce documentation on certain top-
ics, so these kinds of problems would not happen again. If incentives
are aligned, the work gets done.

Interviewees also highlighted the need for accountability structures to sup-
port enforcement of shared rules. As FC2 noted:

Mandating shared rules should make things easier because everyone
is required to follow the standard practice. But then the question is:
who is responsible for it? You cannot introduce a standard process if
the people whose KPIs and goals are affected by the change do not
have the ability to influence it. A person cannot be responsible for
things they cannot control.

A further challenge lies in the mismatch between technological capability and
organizational readiness. While tools and platforms increasingly enable
structured and scalable data practices, many areas of the organization still
lack the foundational elements for effective adoption, including clear roles,
defined processes, and basic ownership practices. Even the most capable
technologies cannot compensate for insufficient cultural or procedural ma-
turity. As FC1 observed:

The basics still need to be put in order. Maybe the DC/DSA can be one
thing that helps, as it can bring ownership and clarify roles or at
least force the area to consider them. But it may be that the organi-
zation is not mature enough yet.

Cultural differences also play a significant role in shaping data practices. In-
terviewee FC2 reflected on the current organizational culture, noting;:

If I had worked like this at my previous company, I would have been
fired for spending so much money and time on meetings. That was a
culture where efficiency was paramount. Here, you cannot do your
work without ten people in a meeting, because otherwise, no one
would trust you.

Finally, strong local leadership can both enable and constrain progress. Par-

ticipant FC2 highlighted the complex interplay of status, prestige, and infor-
mal power:
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The data team leader is in a position where everyone asks them for
customer data—they have the power, the status, the prestige. They
could say, ‘I don't believe in this, so we’ll decide ourselves,” but these
are really organizational issues. It’s not the data itself; it’s the organ-
ization, processes, people, and systems.

4.3 Data Sharing Paradigms

As the main topic of this thesis, DCs and DSAs, focus on easing and better
utilizing data sharing, findings on these topics are presented as their own
chapter. Many of the points in this chapter echo thoughts from the previous
findings, such as balancing opposing forces from chapter 4.1, but in this
chapter are viewed through a more data-specific lense.

4.3.1 Data Democratization, Protection and Compliance

A central tension in organizational data practices lies in balancing openness
with control. On one hand, broader access to data is widely regarded as a
necessity for innovation, value creation, and effective problem-solving. Sim-
ple report sharing is often seen as insufficient, as more tangible value is
thought to be realized when stakeholders can access data and work with them
directly. On the other hand, concerns related to privacy, cybersecurity, and
regulatory compliance, especially when data includes personally identifiable
information or business-critical insights, require careful governance and
limit what data can be shared, with whom, and under which circumstances.

Several participants highlighted the benefits of structured data access frame-
works. Respondent FC1 explained:

At best, they [DCs and DSAs] generate value and, in particular, visi-
bility into which data is being used, how it is being used, and why.
This creates a good structure around data sharing, with clear rules
about how it can be done.

Such frameworks, whether formalized as data contracts or otherwise, help
establish clarity around usage and responsibilities, supporting both effi-
ciency and accountability. FC4 recalled that in earlier stages, data was simply
obtained as needed:
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I don’t know if you would call it the Wild West, but back then, it was
done in whatever way seemed best at the time: I needed the data, so
I got it however I could.

These informal practices, while enabling speed and flexibility, risk creating
inconsistencies, redundant work, and unclear accountability.

Several participants noted that the introduction of formalized data contracts
can reduce the fear of sharing by clarifying levels of access and establishing
rules. As respondent F2 stated:

Perhaps these data contracts ultimately reduce the fear of sharing. If
we achieve a solution that clarifies access levels and establishes rules,
we are removing blockers.

By defining explicit boundaries and responsibilities, contracts create a
shared understanding that balances democratization with necessary protec-
tion, supporting both compliance and effective collaboration. Participant E2
noted the practical benefits of explicit definitions when it comes to democra-
tizing data:

If we have a contract saying we deliver it every day, then we try to
do it. If there’s even more specification about the format, then we try
our best to keep it like that. So, there’s an advantage for all parties in
knowing that data is appropriate.

Overall, the findings suggest that organizations must navigate a careful
trade-off between enabling access for innovation and maintaining safeguards
to protect sensitive or regulated information. Structured agreements, trans-
parency in usage, and clear rules are all critical enablers for achieving this
balance.

4.3.2 Trust-Based Sharing and Engineered Control

There is an ongoing debate between the sufficiency of trust and the need for
technical control mechanisms in data sharing. Some stakeholders argue that
excessive formalization erodes trust and reduces discoverability, hindering
data-driven innovation. They advocate for cultures of openness, where data
sharing is assumed unless explicitly restricted. Others take the view that trust
must be deliberately designed through technical safeguards and governance
controls. From this perspective, trust is not the absence of oversight but

69



rather the outcome of transparent and enforceable structures, "the lock on
the door" when it comes to protecting sensitive data.

Data sharing practices in organizations are shaped by an ongoing tension be-
tween trust-based collaboration and the need for technical control mecha-
nisms. In the literature, some scholars emphasize the sufficiency of trust as a
governing principle, arguing that over-formalization can erode relational
confidence, reduce discoverability, and ultimately hinder data-driven inno-
vation. In such perspectives, openness is assumed: data is shared freely un-
less there are explicit reasons to restrict access. Proponents of this approach
advocate for a culture where actors rely on interpersonal relationships, fa-
miliarity, and shared norms to determine appropriate data use. Participant
F2 stated:

If the interest is valid, why not give the data if that person is creating
value from it? We don’t have very clear policies, and I don’t want to have
very clear policies. It’s a matter of trust and good data practices. Despite
having cybersecurity measures and access rights management from the
platforms, we manage by trust—knowing the people, understanding
their interests, and judging whether access is relevant. Of course, con-
flicts exist, financial data is strictly limited, and personal data is sensi-
tive. But overall, trust guides our decision-making, and I cannot imagine
an automated contract replacing this judgment.

This illustrates a practical reliance on relational trust: stakeholders balance
the potential value of data against the need to protect sensitive information,
using personal knowledge and contextual understanding rather than rigid
formal rules.

However, other perspectives highlight the necessity of deliberately engi-
neered trust. In this view, trust is not the absence of oversight but the product
of transparent and enforceable structures safeguarding sensitive data. Tech-
nical mechanisms, such as data contracts, formalize and enforce agreed-
upon terms of use, providing both clarity and accountability. As interviewee
FC2 noted:

We have a working version and summary in PowerPoint, but in dbt we
start implementing technical contracts. This really ensures that things
are ‘by the book’—so it’s a very good step forward. Trust cannot be as-
sumed, it has to be engineered. That’s why we create data sharing
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agreements: everyone understands the terms, and finally, the last step is
technical enforcement. It’s like the final lock on the door.

This statement highlights a shift from informal, trust-based management to
a hybrid approach, where trust is complemented with technical and contrac-
tual safeguards. Engineered trust makes accountability, reproducibility, and
legal compliance part of the sharing process itself, so that data is handled
responsibly.

While much of the debate around trust and control focuses on restricting or
enabling access, some interviewees mentioned that the true value of data of-
ten lies not in the datasets themselves but in the contextual knowledge and
analytical work that accompanies them. This was particularly evident in the
Energy area, where much of the underlying market data is already publicly
available. As participant E2 explained:

Market information is mostly public, so there’s sort of no risk at all.
If something leaks, well, everybody knows already. It’s more about
the shaping of it, how do you format it and present it? Other business
areas don’t have detailed knowledge of the Energy sector, so they
want a good representation of the costs, how to run their plants,
what the energy costs will be. But they don’t want to gather thou-
sands of inputs and put it all together. Most of the data is public an-
yway, so in that regard, I don’t think any contract would mean any-
thing there.

This raises the point that for some domains, governance frameworks cannot
be limited to controlling access. Instead, the competitive advantage arises
from the capacity to curate, analyze, and contextualize widely available data
so that it becomes meaningful for decision-making. In these cases, data con-
tracts and sharing agreements may play a smaller role in protecting the data
points themselves, and a larger role with the processes of analysis, develop-
ment, validation, and delivery.

The contrast between trust as an informal social norm versus trust as an en-
gineered mechanism illustrates governance dilemma. While a more laid-back
approach to trust supports flexibility, rapid innovation, and collaboration,
technical control provides assurance, enforceability, and protection against
misuse. Organizations navigating this tension should seek to balance cultural
and technical measures, tailoring their governance frameworks to the quali-
ties of the data, the stakes of potential misuse, and the strategic value of
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openness. When balancing these two opposing forces, it is key to recognize
that the competitive advantage of data does not always come from the raw
data points themselves but from the analyzing, shaping, and contextualizing
it into knowledge.
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5 Discussion

This chapter discusses the findings of the case study in their context, in rela-
tion to the existing literature reviewed, and offers insight for future practices
for the case company. Firstly, this chapter analyzes the findings in relation to
the case organization: how the different features of studied roles or business
areas define the way topics are seen, which findings are applicable and gen-
eralizable across the whole organization, and which themes could be true for
an even wider context outside of this study. Secondly, the chapter focuses on
key literature domains against which the empirical findings are reflected. In
the third part, the case is reviewed with the research questions in mind. Fi-
nally, practical recommendations for the case company based on the identi-
fied challenges and improvement opportunities are presented.

5.1 Findings in the Case Context

Across all business areas, several shared sentiments were expressed. On pos-
itive notes, interviewees highlighted the potential of Data Contracts (DCs)
and Data Sharing Agreements (DSAs) to establish shared ways of working,
increase standardization, improve data quality, and strengthen transparency
and documentation across the whole UPM Group. They were seen as tools
that could enhance reliability and promote collaboration across organiza-
tional boundaries. Importantly, they were also described as mechanisms that
enforce ownership, which has been a persistent challenge in many areas.
These benefits were considered particularly significant in large, cross-func-
tional or complex domains and cases where coordination has been difficult.

At the same time, several challenges were consistently noted. Large organi-
zations face inherent difficulties of leadership, prioritization, and competing
demands. Many interviewees pointed out that people are often simultane-
ously under pressure to move quickly yet weighed down by slow processes.
Problems related to lacking data ownership or documentation, difficulties in
efficient collaboration, and siloed practices were recurring themes across all
roles and business areas. Another major concern was resourcing: while there
is a strong will to use data, there seems to be less willingness to invest in the
governance structures needed to manage it sustainably, or even the under-
standing of why this would be important. This problem with resourcing ap-
plies for both the lack of employees in the data organizations, but also the
existing employees’ time being stretched thin over many topics at the mo-
ment.
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When comparing the different business areas, distinct characteristics can be
observed. In Fibres, the self-described lower confidence in data utilization
and maturity may be due to the pulp business being traditionally less data-
driven than areas such as Finance and Controlling or Energy, which are in-
herently numerical domains. While there is belief in the benefits of DCs and
DSAs, there are also concerns that the maturity of data practices and data
product thinking is not where it needs to be yet. Introducing new processes
too quickly is feared to worsen already heavy work loads of Fibres’ data or-
ganization.

In Energy, data is highly valued and forms the basis of all operations. Con-
stant availability of data is critical to both their core business as well as legal
and compliance reasons. However, the area struggles with outdated legacy
solutions and long-standing documentation challenges. Interviewees ex-
pressed hope in DCs’ and DSAs’ potential to clarify responsibilities, improve
data quality and speed, and even create efficiency gains that could constitute
competitive advantage. At the same time, there were concerns about bureau-
cracy and slow implementation. A unique feature in Energy’s core business
is the requirement that a significantly larger portion of the data must be more
publicly available than in other areas, raising questions about how this open-
ness is to be managed in practice — especially when solutions are wished to
be implemented affect the whole organization.

In Finance and Controlling (FC), the entire function is built around pro-
cessing data for both its own needs and for those of other business areas. Data
work therefore takes on more of a service role, with FC producing and dis-
tributing data for others to use. Within FC, however, significant differences
in capabilities and maturity were noted between units and even individuals.
DCs and DSAs were expected to formalize cross-departmental collaboration,
establish clear rules, and enforce ownership. They were seen as a way to re-
duce duplicated effort and make it possible to reuse solutions across different
areas rather than reinventing them each time.

However, concerns were raised about the complexity and workload associ-
ated with implementing DCs and DSAs, as well as the lack of visibility into
how other areas define or use their data. This lack of transparency makes it
difficult for FC to provide suitable data services and often leads to situations
where the same data distributed by FC must be processed separately in mul-
tiple areas, likely creating another spot of duplicated work that could be elim-
inated through improved coordination. Interviewees emphasized that
greater efficiency would be achieved if FC could provide the kind of stand-
ardized, ready-to-use data for all users that their function currently strives to
provide. However, this goal has not been realized, given the fragmented prac-
tices outside of FC as well as internal maturity issues.
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Within the analysis, the role of organizational position also emerged as an
interesting point of analysis. The more people work across departmental
boundaries in their daily tasks, the more positively they tend to see DCs and
DSAs. Information Architects (IAs), in particular, recognized the potential
benefits very clearly and often advocated for them. At the same time, they
stressed that making these agreements work requires organizational-level
commitment and clear role definitions, which are not always in place. Lim-
ited resources also mean that IA work can be deprioritized. Current ‘Head of
Data’-roles were described as ambiguous and not useful in practice, which
further complicates IA work. While IAs have a strong understanding of the
strengths and weaknesses of their areas, they often lack the mandate to steer
data work in a unified direction.

In regard to how the participants themselves worked in the data pipeline,
most interviewees held the role of data producers with only a few being end-
users as well. For producers, DCs were seen as helpful in clarifying how data
is to be used and why, providing much-needed structure and rules. At the
same time, data producers emphasized that drafting contracts can be time-
consuming and costly, involving lengthy meetings and at times, external con-
sultants. In the short term, this was seen as reducing efficiency, as many em-
ployees already operate at full capacity and cannot easily absorb additional
tasks. While some interviewees believed that implementing DCs and DSAs
would ultimately reduce workload, the immediate concern was that the cur-
rent burden leaves little room for added responsibilities.

For data users, DCs and DSA’s were viewed as a way to improve data quality
and reliability, both of which are essential for decision-making. They could
also help to understand data dependencies and prevent failures. However,
some speculated that less technologically savvy end-users might not see
much benefit in fancy new solutions, if existing solutions work “well enough.”
For end-users, quick access to data was seen as more important than perfec-
tion. Concerns were also raised that discovery and development could poten-
tially become harder if DCs and DSAs introduce too much control, slowing
down innovation.

5.2 Findings in Relation to Earlier Research

One of the most prominent overarching observations is that several of the
identified problems, especially those related to opposing organizational ten-
sions, unclear roles and responsibilities, as well as conflicting priorities, can
be traced back to a set of foundational issues. These challenges seem to be
interconnected in that they all at their core deal with the case organization’s
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overall data maturity and more specifically its governance and utilization ca-
pabilities.

The lack of clearly defined data ownership and role responsibilities rose as a
central and recurring problem. This foundational issue underlies many of the
tensions highlighted in the empirical material. For example, efforts to assign
and enforce data ownership through mechanisms such as data contracts are
often met with the reality that data owners either do not exist or, if identified,
do not fully understand their role or the data they are expected to manage. In
this context, data contracts are perceived as a possibility for good because
they force someone to assume responsibility. This is something that has re-
mained neglected thus far.

The absence of clear ownership also manifests in difficulties related to docu-
mentation. Although comprehensive documentation is broadly recognized as
essential, it is often deprioritized due to time constraints and, again, a lack of
assigned responsibility. As a result, knowledge remains siloed and dependent
on specific individuals. This finding resonates with earlier research that
traces the origins of silos to poor forward planning during growth phases, a
lack of shared understanding between providers and consumers, non-inte-
grated technologies, and overly narrow team-centric perspectives (Sadiq and
Indulska, 2017; Skinner, 2022). As Gilinther et al. (2017) emphasize, these
silo-inducing factors tend to reinforce one another over time, creating dura-
ble barriers to enterprise-wide data integration. In such environments, even
the most sophisticated technical capabilities cannot be fully utilized.

The lack of clear responsibilities hinders the effective adoption of new oper-
ating models such as data contracts, creates confusion around responsibili-
ties, and slows down processes. Furthermore, the unclear expectations
placed on roles such as project managers or information architects, and the
limited participation of those nominally responsible for data (namely HoDs),
reflect a broader lack of commitment. Even upper-level roles like Heads of
Data often fail to meet expectations, reiterating the structural and cultural
nature of this challenge. These findings support the view of Khatri and Brown
(2010), who stress that political challenges, including interdepartmental
power struggles, unclear resource allocation, and mismatched performance
incentives, tend to complicate the establishment of coherent governance
structures. Abraham et al. (2019) also state that the balance between open
flows of information and managing risk has become increasingly complex in
today’s data-intensive environment. Together, these issues point to a
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common root cause: the lack of clear and accountable data ownership, as well
as insufficient role definitions overall.

Closely tied to the ownership problem are cultural factors and the organiza-
tion’s readiness for change. Many of the tensions observed relate directly to
how the organization approaches change and data governance broadly. One
key tension arises between the perceived need for formal contracts and
standardization on the one hand, and the fear of increased bureaucracy and
inflexibility on the other. Data contracts, for instance, can be regarded as
overly theoretical, compliance-driven instruments that may hinder innova-
tion rather than enable it. This perception can be due to resistance to change
or a limited understanding of the potential benefits that new practices could
offer, or most likely, both.

As discussed in the literature review, Giinther et al. (2017) and Ransbotham
et al. (2019) state that when employees see direct, tangible benefits from data
sharing, and when incentives are aligned with collaborative behaviors, par-
ticipation is more likely to increase. However, this case proposes that even
when employees see the benefits, the absence of organizational prioritization
leads to recurring under-resourcing of governance work. While the literature
focuses on aligning incentives at the individual level, this case study suggests
that resource allocation at the structural level is equally, if not more, crucial.

The organization appears to struggle with balancing agility with precision. A
cultural preference for speed and "good enough" solutions is often prioritized
over accuracy and comprehensive documentation. As long as existing ways
of working seem to produce acceptable results, there is little incentive to
adopt more stringent rules or more structured data practices. This tendency
reflects a broader organizational tension: while accelerating the pace of deci-
sion-making is a common aspiration in data-driven environments (Huyn et
al., 2019), it can lead to compromises in data quality and visibility. Wang and
Strong’s (1996) widely cited framework shows that quality is multi-dimen-
sional, and all relevant dimensions (intrinsic, contextual, representational,
and accessibility) shape whether data is trusted and used. Additionally, Sadiq
and Indulska (2017) emphasize that quality assurance must be embedded
throughout the data lifecycle, not treated as an afterthought.

While more advanced areas may be capable of serving as proof-of-concept
examples, other parts of the organization require broader support to adopt
new practices effectively. Furthermore, the prevalence of ad hoc technical so-
lutions, often described as “band-aid fixes”, highlights an organizational
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culture that has historically worked on local improvisation, at the expense of
long-term maintainability, sustainability, and integration.

The underlying issue here is the variation in organizational readiness and
cultural orientation toward data. Some areas of the company display more
advanced data literacy and invest accordingly, while others report that their
organization lacks basic foundations. These disparities prevent the organiza-
tion from developing a shared contextual understanding of data, which Sadiq
and Indulska (2017) identify as essential for trust and usability. The per-
ceived inadequacy of strong leadership alignment and a shared strategic vi-
sion further complicates the problem. These disparities prevent the organi-
zation from effectively utilizing available technological opportunities. The
perceived inadequacy of strong leadership alignment and a shared strategic
vision further complicate the problem.

Another fundamental challenge lies in the fragmentation of operations and
the lack of standardization. Organizational silos and the absence of shared
practices emerged as recurring themes in the empirical material. While flex-
ibility at the local level is often valued, it is also seen to result in structural
gaps, duplicated work, and inconsistencies in how data is managed and in-
terpreted. Decentralized leadership among data teams encourages custom
ways of working, making harmonization efforts significantly more difficult.
These findings align well with Shubladze’s (2023) observation that democra-
tization efforts are often framed around dismantling data barriers in order to
make information broadly accessible.

The need for joint action, common standards, and clear guidelines becomes
increasingly top-of-mind as digitalization and data governance mature. The
continued reliance on incompatible, locally developed and at times even out-
dated solutions contributes to fragmented systems that interfere with effec-
tive data sharing. Tensions also arise between aspirations for open data ac-
cess and democratization, as well as concerns about data protection, privacy,
and regulatory compliance. This echoes earlier research pointing to the chal-
lenge of balancing openness with security (Abraham et al., 2019). As men-
tioned in the literature review, a global player such as the UPM Group must
be aware of multiple different legislatures (e.g. the GDPR in Europe, or the
LGPD in Brazil), in order to stay compliant but also allow for data democra-
tization where possible (European Union, 2016; ANPD, 2018).

Addressing these concerns requires clear and standardized processes, as well
as solid rules for responsible data use. The organization’s siloed structure and
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the limited visibility into how other units define and manage data make it
difficult to collaborate effectively and to share data in an effective and scala-
ble way. The case study clearly illustrates a need for harmonized practices,
including the structural clarity that Data Contracts and Data Sharing Agree-
ments could provide.

These findings echo a challenge broadly recognized in the literature. Balanc-
ing standardization, accuracy and control with flexibility and agility is not an
easy task. The naissance of the OCDS stemmed from this exact issue, where
they found differing data formats greatly hindering cross-publisher analysis
(Open Contracting Data Standard, 2024). The UK Governments implemen-
tation of the OCDS ran into the same issue, where the desire for consistent
structures clash with the pre-existing realities and differing contexts (Crown
Commercial Service, 2020). The literature has recognized this balancing
challenge between agility and governance on multiple occasions, for example
by causing delays or overruling practical business needs (Khatri and Brown,
2010; Vilminko-Heikkinen and Pekkola, 2019)

Lastly, many of the organization’s challenges stem from how resources are
allocated and how work is prioritized. Resource constraints, namely in terms
of time, continuous education and staffing, were frequently cited as barriers
to progress. Documentation work, for example, is under-resourced time and
again despite its recognized importance. Likewise, the introduction of formal
agreements such as Data Contracts is perceived as an additional workload,
the benefits of which are not always seen as clear or even “worth it” in the
short term. This hesitation points not only to a lack of resources, but also a
lack of compelling incentives. Quieter work related to data governance is fre-
quently relegated to the background in favor of more immediate or visible
demands. As a result, long-term investments in foundational capabilities
have been repeatedly postponed, accumulating more and more technical
debt as time has passed.

The root cause here lies in the uneven prioritization and the chronic under-
resourcing of critical, though less visible, data governance tasks. Activities
such as documentation, model development, and implementation of shared
standards are often deemed tedious and unglamorous and therefore fail to
receive the support they would need to best be implemented. This may cause
development teams to not prioritize enabling data sharing even when con-
tractual frameworks are in place.
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Taken together, these findings point to a shared underlying issue: the imma-
turity and underdevelopment of the organization’s coherent data governance
capabilities and appreciation of data culture. This immaturity is observable
across multiple dimensions. On the individual level, role ambiguity, at-times
low data literacy, and challenges in assigning responsibility prevent progress.
At the process level, ad hoc workflows, missing standards, and the generally
slow processes make it difficult to implement better practices. From the high-
level Group perspective, while individual areas strive for improvements and
achieve some levels of progress, the lack of ways to implement best practices
to other areas reduces both resource allocation and the overall value of these
initiatives, since they remain too fragmented to enable cross-functional col-
laboration.

From a technological standpoint, although the case company utilizes modern
tools quite well in some areas, their full Group-level potential seems to re-
main unrealized due to process and people-related bottlenecks. On the or-
ganizational level, fragmentation, a lack of top-down support, and subpar
leadership commitment to harmonized data governance curb improvement.

The key challenge here lies in developing the organization’s data governance
maturity. Effective data governance requires not only technical solutions, but
also sustained managerial attention, coherent structures, and cultural trans-
formation. As Diaz et al. (2018) and Carillo (2017) suggest, developing a true
data culture requires extending analytics capabilities from technical experts
to managerial roles and cultivating data-driven practices at both grassroots
and executive levels. Without these elements firmly in place, the promise of
DCs, DSAs and any similar initiatives will remain unfulfilled.

5.3 Addressing the Research Problem and Aims

This study set out to explore the value that Data Contracts and Data Sharing
Agreements can provide, as well as the conditions under which this value can
be effectively realized. The findings suggest that while the theoretical and
practical benefits of these tools are widely acknowledged, their successful im-
plementation is highly dependent on the organization’s broader data govern-
ance maturity and its readiness for cultural and structural change.

With regard to the first research question — What value do Data Contracts
and Data Sharing Agreements provide? — the interview findings illustrate
that these tools serve multiple important functions. At their core, Data Con-
tracts help clarify ownership and accountability, which are otherwise often
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absent or ambiguous. They provide a formalized structure that enforces re-
sponsibility for specific data assets, reducing the risk of neglect or misuse.
This clarity supports not only more reliable data quality but also facilitates
traceability and transparency in data flows. Moreover, Data Contracts can
function as coordination tools that bridge organizational silos by technically
defining expectations and interfaces between data producers and consumers.
In doing so, they support more efficient collaboration, reduce misunder-
standings and mishandlings, and improve trust in shared data.

Similarly, Data Sharing Agreements offer a framework for managing risks
related to privacy, security, and compliance, while enabling broader use and
democratization of data. These arrangements establish shared rules and
standards that allow data to be reused across business areas and systems
without compromising regulatory or ethical obligations. Both instruments
therefore contribute to clarity, cooperation, coordination, standardization,
process refinement, risk management, and more effective utilization of or-
ganizational data resources.

However, the second research question — How can this value be realized? —
deals with more complex dynamics. The realization of value from Data Con-
tracts and Data Sharing Agreements is not automatic, but contingent on a
variety of organizational and contextual factors. Foremost among these is the
presence of clear roles and responsibilities. Without established data owner-
ship and well-defined governance structures, the introduction of formal con-
tracts may lead to “useless” additional work in the form of superficial com-
pliance, without enacting any meaningful change. The value of these instru-
ments also depends on whether they are perceived as helpful enablers or as
bureaucratic burdens. In this case study, some interviewees expressed con-
cern that DCs and DSAs could be too rigid or theoretical, particularly if in-
troduced without adequate communication, training, or alignment with day-
to-day practices.

Realizing the value of Data Contracts and Data Sharing Agreements therefore
requires a carefully thought-out implementation plan that accounts for the
organization's overall maturity and the current imbalances between different
business areas’ maturity levels. Leadership support plays a critical role in en-
suring that governance efforts are prioritized and resourced appropriately.
Without sustained managerial commitment, the “invisible” but essential
work of governance risks being deprioritized in favor of short-term opera-
tional pressures.
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Furthermore, the standardization brought by Data Contracts and Data Shar-
ing Agreements must be balanced with the need for contextual flexibility.
Harmonization efforts are most successful when they are not mandated as
one-size-fits-all obligations, but as frameworks that offer guidance while al-
lowing adaptation to local conditions. Finally, the implementation of these
tools must be supported by solid technical infrastructure and interoperable
systems, but the technology alone cannot compensate for deficiencies in gov-
ernance processes or organizational culture.

Data Contracts and Data Sharing Agreements provide significant potential
value in terms of clarifying responsibilities, reducing risk, enhancing collab-
oration, and enabling more strategic use of data. However, this value can only
be fully realized when utilized within a broader organizational effort that ad-
dresses foundational governance gaps, supports cultural change, and priori-
tizes long-term capacity building over short-term advancements and hype.

5.4 Managerial and Practical Implications

Based on the relevant literature, interviews, and analysis, a number of man-
agerial recommendations and practical implications can be drawn.

Clarifying roles, rights and responsibilities

Clear accountability structures must be established both for data ownership
and for higher-level data leadership. Since the organization aspires to imple-
ment more shared practices, leadership with an adequate mandate should be
made responsible for steering both discussion and practice in this direction.
These leadership roles should also include built-in incentives for “invisible”
but essential work, such as documentation, adherence to shared goals, and
other foundational tasks that have often been undervalued. Sustained com-
mitment from upper-level leadership is required to ensure that foundational
governance work receives the visibility, prioritization, and resources it needs.

Additionally, access to any company data must be systematically engineered
through transparent controls and clearly articulated rules, rather than left to
assumptions of goodwill. If an employee in a certain role needs access to
relevant data, it has to be granted based on the rights and responsibilities
defined to the role in question. Concerns that such role-based access models
could hinder data democratization can be mitigated by prioritizing openness
and usability in governance design. For example, applying lightweight ap-
proval processes for low-risk datasets, providing standardized templates, or
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maintaining clear metadata and discovery tools can aid in enabling control
and accessibility simultaneously.

Prioritizing groundwork

The principle of “garbage in, garbage out” proves its validity quite well in this
case study. Without a reliable data foundation, advanced initiatives such as
artificial intelligence will underperform. These advancements necessitate
starting with foundational work, such as clarifying ownership, improving
documentation practices, and raising awareness about the benefits of struc-
tured data governance.

Hype around new technologies will not materialize if data remains in unsuit-
able formats, such as fragmented data lakes, unstructured sources, or da-
tasets without metadata. Fixing this issue requires more appreciation and re-
sourcing for the “boring” but essential work of documentation, quality assur-
ance, metadata management and infrastructure maintenance. Groundwork
must be prioritized before more complex solutions can be adopted.

Investing in Education

Raising data literacy across the organization is critical. This applies not only
to those working directly with data, but also to decision-makers who may
have previously relied on intuition or old ways of working rather than data.
Targeted training can encourage a shift away from “gut feeling” decision-
making toward more data-driven practices. Investing in awareness and train-
ing is essential, as many of the concerns considered in this study stem from
limited understanding. Education and training are essential in reducing re-
sistance and fostering a shared understanding of why better ways of working
matter.

Making use of differences between business areas

This study highlights a paradox across business areas. Finance and Control-
ling and Energy are naturally data-driven and thus more advanced in certain
practices, but they remain burdened by legacy systems and outdated pro-
cesses that no longer fully serve their needs. Fibres, by contrast, reports lower
overall data maturity but is more flexible, allowing it to adopt newer practices
from the outset.
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A cross-organizational approach could turn these differences into an ad-
vantage. Areas weighed down by legacy systems can share lessons on what
has not worked, while areas with fewer constraints can experiment with new
methods and avoid repeating earlier mistakes. Likewise, less mature areas
can benefit from the experience and structures already developed in more
data-intensive units. Recognizing and harnessing both perspectives, the ex-
perience of long-established functions and the flexibility of newer ones, could
accelerate the streamlining of practices across the organization. If successful,
such an approach would not only strengthen internal efficiency but also pro-
vide the group with a competitive edge.

Reassessing tools and costs

Rather than striving for perfect execution, maximum speed, and the deploy-
ment of shiny new technologies, the organization would benefit from focus-
ing on foundational improvements, such as clarifying data ownership and
identifying responsible contact points. Given the high costs of licenses and
new platforms, the organization should evaluate which functionalities are
truly necessary and which tools are underutilized. Rather than continuously
acquiring new tools to manage, it may be more effective to dedicate time and
resources to strengthening foundations and ensuring existing systems are
used to their full potential. Only after these basics are solid, additional in-
vestments in expensive tools are justified.
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6 Conclusions

This thesis set out to find the value associated with Data Contracts and Data
Sharing Agreements in a case company. Through semi-structured interviews
and thematic analysis, the findings suggest that the value in DCs and DSAs
requires thorough groundwork, improvements in governance and a stronger
data culture in order to be realized.

As a whole, the participants of this Thesis were optimistic yet realistic about
the promise of DCs and DSAs. Many saw how they could be transformative
in data work, and even where they saw challenges, were able to suggest re-
medial measures. These visions, fears and corrective ideas were well in line
with established literature. However, while most participants felt they could
easily name the possible remedies, not as many were optimistic about the
case company’s capability or willingness to invest in these improvements.
This results in participants feeling less inclined to strive for these improve-
ments, as their efforts might be in vain.

The suggestions presented in this Thesis reflect how the participants them-
selves saw potential risks mitigated and are in line with both industry and
academic literature. Advice and guidance to build new capabilities slowly and
meticulously, focusing on groundwork and reassessing current situations are
commonplace, but much easier said than done.

6.1 Limitations

As the first limitation to the value of this research comes from its nature as a
Master’s Thesis study. The limited questionnaire and small sample size of
participants is in line with the depth of a Master’s Thesis but means decisive
conclusions cannot be drawn from this study alone, even with the findings of
this study aligning well with previous work on the field. Additionally, as a
single-case study, this Thesis is not generalizable across other cases, indus-
tries or companies. While this Thesis covers some cross-comparison be-
tween the selected UPM Business Areas and functions, the generalizability
would have been greater if the scope had allowed for comparison across com-
pany or industry borders.

While it can be very fruitful to look into the first steps of implementing a new
process and how change moves people and systems, it does not offer the vis-
ibility into actual practice once the dust has settled. Similarly, while the peo-
ple interviewed for this thesis provide their experiences in the
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implementation stage and change management around it, their thoughts
cannot be thought to represent a fully mature state, where their hopes and
fears might not ever realize. Understanding the fears stakeholders have can
help in avoiding these identified pitfalls, but others might emerge more
prominently where the stakeholders’ vision did not see them emerging. Like-
wise, not all the hopes and improvements named by these interviewees nec-
essarily come true, and they might in these early stages be unable to identify
perks that come along at a more mature point in the process.

As the last limitation, the researcher’s position within the company might
have affected some participants’ comfortability in sharing their frustrations,
even though efforts were made to mitigate this risk.

6.2 Suggestions for Future Research

As Data Contracts and Data Sharing Agreements are relative newcomers in
the data world, not much academical work has been made with them. How-
ever, out of these two, Data Contracts remain even less formally studied. The
gap in the research is evident here: more academical studies should be con-
ducted into the origins, current use cases as well as potential gains and losses
related to employing Data Contracts.

Conducting comparative studies between this thesis and other similar case
studies on DCs and DSAs could mitigate the low generalizability of a study of
this limited scope. Additionally, a more longitudinal research approach could
follow and more concretely capture the process of implementing DCs and
DSAs, asses their practicality, and see how well these initial expectations
compare to post-implementation experiences. While the industry reports
provide valuable insights and case examples, they do not hold the same aca-
demical rigor and value as peer-reviewed, academically sound research pa-
pers.
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