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Abstract: In the context of the 21st century’s rapid globalization and digital transformation, organizations face
increasing pressure to adopt strategic and resource-efficient data management practices. Data has emerged as a
critical asset, fundamentally influencing business performance and competitiveness. This study explores the
multifaceted dimensions of digitalization and the data-driven economy, underscoring the strategic significance of
effective data management within modern enterprises. Drawing on an extensive literature review, the research
examines the roles and responsibilities linked to data as a corporate asset and develops a theoretical framework for
understanding data governance — a domain that remains underexplored both in Hungarian and global academic
spheres. The findings aim to enhance corporate data governance practices, offering insights to strengthen strategic
decision-making processes.
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Introduction

Thanks to various scientific and technological advancements, the data-driven digital economy
has developed with remarkable intensity. By 2020, its estimated added value exceeded USD
32.6 trillion, accounting for 43.7% of the global GDP (Guo et al., 2022). Digitalisation has led
to a huge explosion of data, while improving the infrastructure needed to exploit data abundance
by supporting technological innovations and broadening access to data as a resource. The digital
economy, conceptualized by American researcher Don Tapscott in 1996, is a network-based
economy that can be understood as a collection of economic activities based on information
technology (Zimmerman, 2015; Pan et al., 2022; Carlsson, 2004). The digital economy is driven
by information digitalisation and the internet (Sidorov — Senchenko, 2020). In his 2021
dissertation, Toth divides the digital economy into two subdivisions. One segment is the digital
sector, which basically includes tools for managing digital information. Another significant
aspect of the digital economy is the data economy, and the intersection of the two areas can be
identified as the so-called attention market.

The transformation and spread of the digital economy also facilitates the development of
traditional industries, and today the entire modern economy can be considered to be digital in
the sense that there is no economic sector that does not use digital data in its daily operations
(L1 et al., 2021; Téth, 2021). Thus, the development of technology driven by digitalization
results in the datafication of many aspects of human life and economy (Ciuriak — Ptashkina,
2020). The simultaneous development of digitalization and technology enables not only an
increase in data volume but also its intensive extraction. With the help of technologies such as
artificial intelligence, data volumes that were previously incomprehensible become
manageable, allowing the extraction of hidden, valuable information. The vertical and
horizontal expansion of the available data and the intensive development of technological
capacity mark the inflection point of the curve of economic development. This is also the point
that represents the transition between the knowledge-based economy and the data-driven
economy (Ciuriak, 2018).

In the following chapters, we will first review the key milestones in the emergence of data as a
crucial resource and interpret the concepts of business information and data. Next, we will
illustrate various aspects of evaluating information as capital, and after synthesizing the
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available literature, we will outline the diversified conceptual framework of data goverance and
data management.

1. Literature Review
1.1. Data is the New Oil

Technological development and digital transformation have fundamentally changed our
perception of the world, society and economy (Ciuriak — Ptashkina, 2020). As a result of the
digitalization of the global economy, information, data, and knowledge have become key
production factors, significantly influencing global competition and transforming into
economically relevant values and resources (Toth, 2021). The amount of globally available data
is growing exponentially year by year, the volume of data doubles approximately every two
years (Ciuriak, 2018), which is partly due to the actors of the global economy as well as the
members of the consumer society (Z6di, 2017).

Over the years, data has become a critical resource, affecting many elements of the value chain
as well as countless industries, both in production and resource allocation and distribution
(Mayer-Sconberger — Cukier; 2013). Based on all this, it does not seem at all an exaggeration
that so much literature refers to the data as the new oil. The primary basis of comparison is to
be found in the economic impact and role of resources, but the analogy is also apt from the
point of view that, similarly to oil, data does not represent value in itself, in its "raw form", in
order to exploit and realize its full potential, it must be refined and shaped according to business
and use purposes. As gasoline or PVC can be extracted from oil through transformation, raw
data is converted into customer information compiled for the purpose of supporting corporate
management decisions.

However, there are some significant differences that we must emphasize. First, data is a non-
competing good, meaning that one person's use of data does not limit its availability to other
users. Secondly, data cannot be used up, its amount does not decrease depending on the usage,
and even simultaneous access to the data is provided. Finally, the inexhaustible source of data,
in contrast to the limited extraction of oil, does not result in a narrow supply of resources, but
supports constant expansion (Haucap, 2019; Hirsch, 2014; Shepherd — Popovich, 2010).

1.2. Business Information

Pasztor and Popovics (2010) tackle information as "interpreted data", which means the
aggregation, grouping and processing of the available data(s) according to purpose. Starting
from this approach, we can also get closer to understanding the concept of data, since the
definition mentioned above identifies data as the core of information. According to Bacs (2023),
data is a factor devoid of knowledge surplus value (information value), which only becomes
information (or knowledge surplus) when a change occurs in this lack of value. In other words,
we can say that data is a fact without added value, which becomes information depending on
the given context, and its value is determined by an externally defined system of relations.
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The different types of business information are illustrated in Figure 1 below.

Information | |{Bank and Stock Information

Business Meta Information Legal Information

Business Development Information Patent and Trademark Information
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Tax and Accounting Information Other Business Information

Statistical Information Business News

Market (Marketing) Information Economic Development Forecast and Analysis

Figure 1: Different types of business information
Source: own edition based on Kiszl (2004)

1.3. Evaluation of information as capital

As Nordhaus and Samuelson (2016), Allen (1990), Chaudhary (2023) point out, information
has economic value and, as such, can be subject to market exchange. However, it is extremely
expensive to produce and relatively easy to reproduce (Coiera, 2000), which increases the risk
of market failure. For this reason, specific state regulation of information goods and resources
is needed, such as legislative practice aimed at protecting intellectual property (Nordhaus —
Samuelson, 2016). However, determining the economic value of information is not an easy
task, moreover, according to Birchler — Biitler (2010), it is only possible ex ante. In their view,
the explicit estimation of the value of information is a paradox, since news can only be sold
before its information content becomes known. Thus, it is actually the news, the source of
information (newspaper, internet access, etc.) that is sold, not the actual news. In this sense, the
value of information is actually determined by the value of the source of the information and
not by the intrinsic value of specific information. The value of the source of information is
primarily given by the possibility of reaction, which also determines the expected utility. Thus,
in the interpretation of Birchler and Biitler (2010), the value of information (which is actually
the value of the source of information) is determined by the change (increase) in the expected
benefit expected from obtaining the information, and the results of the reaction and behaviour
change generated by it.
A deeper understanding of the problem of determining the value of information is facilitated by
looking at information as an intangible asset and analysing the issue by extending the validity
of the limits defined by Kaplan — Norton (1996). In his 1996 work, Kaplan — Norton identifies
the following factors as obstacles to the valuation of intangible assets:

1. the fact of indirect value creation;

2. dependence, which links information to a specific context, situation, degree of

consistency with corporate strategy;
3. relativity of value, variability of its potential;
4. the close interconnection of intangible assets, which makes it impossible to determine
value independent of corporate strategy or other organizational contexts.

In addition, the precise determination of the value of information is made difficult by the fact
that, due to its easy reproducibility, traditional supply-demand relationships based on scarcity
cannot be applied to a significant proportion of informational goods (Coiera, 2000). Finally, we
must also take into account that the value of information is equally incomprehensible without
its "packaging", i.e. without determining and managing the costs of the information system used
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for production (Pasztor — Popovics, 2010). On the cost side, transport costs do not facilitate the
evaluation process either, given that bundles of communication networks allow almost free
transfer of information (Coiera, 2000). Overall, it can be stated that evaluating information as
corporate capital is an extremely complex process that requires careful consideration and
necessitates consistent and conscious data asset management by companies.

2. Establishing a conceptual framework for data governance

The previously described global processes, the digital transformation and the gradual
reorganization of the general order of the world’s economy require a conscious, resource-
focused data approach of companies. Data and its instrumental management have become a
determining factor and condition of corporate performance and market competition both among
market participants and public authorities. At the same time, the roles and responsibilities
related to data assets, as well as the theoretical and conceptual framework of data governance,
can be considered rather poorly discussed in the literature. For these reasons, we considered it
IS necessary to review and synthesize all theories based on the available publications, which
can bring us closer to a more differentiated understanding of the key processes of data
governance and data management.

2.1. Data as a corporate asset

The economic significance of data and the possibility of its evaluation have already been
discussed earlier, but the interpretation of the asset-like nature of data has remained unclear.
For the economic definition of data, we consider the interpretation operationalized by the
European Commission (2022) as guiding, which identifies data as information—primarily
numerical and factual—that has been collected with the aim of supporting business processes
and decision-making. In this way, even simple Excel spreadsheets compiled by companies can
be considered data sources of economic importance — depending, of course, on their relevance
to corporate activities.

The conscious corporate utilization of data as an input provides significant economic benefits,
which further expands the possible dimensions of the scope of interpretation of data assets. The
use of data inputs supports both quantitative and qualitative (assortment-based) growth of
corporate activity. One of the significant advantages can be realized by the company along with
increasing scale returns. Given that data is a non-competing good, its accumulation contributes
to the improvement of data-based production and services, which generates even more data
volume due to increasing demand and expanding user base. In the end, compared to the invested
resources, the system generates much higher output and revenue. A similar advantage can be
gained by the company by consciously managing assortment-based data sets. By diversifying
the supply mix, companies can realize economic benefits by eliminating data silos (hermetically
sealed data sets) belonging to certain subfields, i.e. through data linking and contextualization
(OECD, 2015).

Data assets are also a phenomenon that can be interpreted at the level of the national economy,
national data assets are a concept defined by law. According to Act Cl of 2023, national data
assets are ‘all public data, documents and cultural public data managed by bodies performing
public tasks, as well as other personal and protected data processed by them, regardless of
their manifestation’.
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2.2. Data governance

There is no single literature proposal for a conceptual definition of data governance (or data
asset management) (Naguib et al., 2024; Al-Ruithe et al., 2019; Mohanta — Jamdagni; 2024),
so in our view, the most adequate conceptualization can be ensured by reviewing and
synthesising the different interpretations and different approaches.
In most cases, research and academic papers written on the topic address data governance either
through the description of relating decision-making areas or roles, or provide a superficial
overview solely aimed at supporting the research, without any deeper interpretive intent
(Abraham, 2019). For example, a study published by the OECD (2015) identifies data
governance as a set of decision areas such as:
access to and reuse of data,
portability and interoperability,
connectivity and integration,
quality and care,
ownership and control,
value and pricing.
Weber et al. (2009) approach the concept of data governance through data quality management.
In their interpretation, data governance refers to the area of corporate activity that focuses on
defining data-related roles, then assigns responsibilities to these roles depending on the
decision-making areas, and on the other hand, defines standards and guidelines related to data
quality management (harmonized with corporate strategy, the data policy and legal provisions
in force) for the organization as a whole.
In their research, Ritchie and Whittard (2024) build on a much narrower understanding of data
governance, according to which data governance refers to the processes and procedures that
ensure ethics, fairness, and appropriateness of data use and sharing.
In its book published in 2009, the Data Management Association International refers to data
governance as a practice of authority and control over data management.
Khatri and Brown (2010) identify the personnel requirements (decision-making and
responsibility areas) and specific tasks of data asset management. In their study, they identify
five decision-making areas, which are as follows::

1. Data principles

2. Data quality

3. Metadata

4. Data access

5. Data lifecycle
In our view, the most complex definition of data governance can be found in the study of
Abraham et al. (2019). According to their interpretation, data governance aims to establish and
provide a comprehensive framework for managing data as a strategic corporate tool. This refers
to clarifying the corporate decision-making authority related to data, formalizing data policies,
various standards, and procedures, as well as monitoring compliance. This concept highlights
several important factors related to data governance. First of all, data governance is a
comprehensive activity that spans several functional areas of the company, data sets and
databases, which increases the efficiency of data flow by creating collaboration between
individual units, eliminating data silos, and reducing duplications and contradictions. Second,
data governance is a framework that structures and formalizes subfields related to data
management. It further declares that the data should be treated as a strategic asset of the
company. It also interprets the decision-making and responsibilities related to data, i.e. in which
areas decision-making about data is justified, and who can make these decisions and how. In
addition, it highlights the role of data governance in creating data policy and setting standards
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and procedures. Finally, it mentions the audit function, which checks deviations from expected
management practices, compliance with established data policy principles and standards, and
intervenes if necessary.
Using a similar approach, the National Bank of Hungary also formulated its Recommendation
No. 19/2022 (XI11.1.) "... on the design, operation, framework and control functions of the
process of compiling data reporting services of credit institutions, as well as on the related data
governance tasks" (MNB, 2022). In it, the minimum activities that need to be recorded in
internal regulations of relevant departments are identified:

(a) the process of preparing the data to be compiled for the reporting area,

(b) the control steps used during preparation,

(c) the systems concerned,

(d) the life cycle of data used in the field,

(e) responsibilities,

(F) responsible for data quality (MNB, 2022 p. 7).
The definition of data governance can also be approached through the interpretation of the data
value chain and the corporate responsibilities identified along it. The three essential elements
of the data value chain are crucial for the data economy. The process starts with data acquisition
and preparation and ends with data usage and evaluation. The three pillars can be further divided
into subunits and subtasks. The two tasks of the first phase of the data value chain, which are
decisive for decision-making, concern data sources and data storage. In connection with data
analysis, the most important tasks are the frequency of analysis, its subject matter, and the
identity of those with analytical powers and responsibilities. The last pillar is the evaluation of
the data and then their use according to the target area, i.e. determining the areas in which each
data represents value (even in monetary terms). These three activities and the related subtasks
can therefore be considered as cardinal areas of data governance and data management. From
the point of view of the data value chain and the data economy, technologies and the
infrastructure that enable the business use of data are of particular importance (European
Commission, 2022).

2.3. Data management

Data management has been discussed several times during the discussion of the previous
sections, not by chance, as the activity is closely related to data governance both conceptually
and practically. The primary goal of data governance is to define the framework that ensures
the efficient management and use of IT tools and resources, and to clearly designate the circle
of decision-makers and responsible personas. Basically, this is the strategic level of corporate
activities related to data. In contrast, data management focuses on specifics and operational
activities, creates and implements the decisions and tasks prescribed by the framework (Khatri
— Brown, 2010).

Several subfields of corporate data management can be identified, with numerous scholarly
recommendations in this regard. According to DAMA International (2017), the key components
of data management are as follows (Figure 2).

Data Architecture refers to the definition of enterprise data objects and the development of a
complex data model at conceptual, logical and physical levels (Dyché — Levy, 2006). Data
architecture encompasses the definition of the company’s data requirements, the establishment
of architectural standards and guidelines, and the designation of relevant individuals and
responsible parties (EFQM, 2011).

Data Modelling and Design is practically an explicit aspect of data use, i.e. it means analysing,
designing, building, testing and maintaining, i.e. the general management of data (DAMA
International, 2017).
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The primary task of Data Storage and Operations is to select hardware and software-based IT
tools that provide the most efficient data management in terms of functionality, cost, reliability,
complexity, capacity, scalability and manageability (Tallon et al., 2014).

Data Security is responsible, among other things, for maintaining basic security requirements
related to data accessibility, authenticity, availability, reliability and integrity. The most
important tasks related to data security include assessing potential risks and defining data
protection roles and standards (Faria et al., 2013).

Data Integration and Interoperability is a rather complex area, incorporating tasks related to
data acquisition, extraction, transformation, movement and virtualization in addition to
operational support (DAMA International, 2017).

Data integration and interoperability are supported by the Documentation and Content
component by compiling a well-structured database. These include activities related to data
storage, protection, indexing and access to unstructured data sources (DAMA International,
2017).

The field of Reference and Master Data management refers to the management of shared data
and the reduction of redundancy, which aims to ensure better data quality through standardized
definition and use of data values and registers (DAMA International, 2017).

Data Warehousing and Business Intelligence refers to managing analytical data processing and
providing the ability to access, report and analyse decision-supporting data (DAMA
International, 2017).

Metadata is practically nothing more than a data set compiled about data, a description.
Metadata summarizes and interprets individual databases, practically providing a concise and
consistent description of data representations, thus helping to understand the meaning and
semantics of the data (Khatri — Brown, 2010). With the help of metadata, the sensitivity level,
origin and data retention periods of data can also be classified (Abraham et al., 2019).

The last area of management is Data Quality. As a decisive resource for corporate decision-
making, adequate data quality is of paramount importance, quality errors can pose significant
risks for the company. Data quality practically characterizes the compliance of data with
expectations and usage requirements interpreted in a given context (Khatri — Brown, 2010).
Monitoring data quality means, among other things, defining relevant metrics and constantly
measuring the level of data quality (Abraham et al., 2019; Malik, 2013).

As illustrated in Figure 2, data governance brings together the various subfields of data
management as a kind of framework, which are interconnected. In fact, we could say that data
governance provides a holistic approach to collecting, managing, protecting and storing data
that supports the achievement of specific data management territorial goals.
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Figure 2: Main activities of data management
Source: own edition based on DAMA International (2017)

Summary

In our study, we found that digital transformation and the acceleration of global processes make
it essential for companies to develop a conscious, resource-focused data approach. Treating
data as an asset has become a key factor in corporate performance in the marketplace. In our
thesis we examine the relationship between digitalization and the data-driven economy,
emphasizing the strategic importance of corporate data sets and business information. Based on
a literature review, we identified roles related to data governance and developed a theoretical
framework that fills a gap in terms of scientific publications on the topic. Our findings have the
potential to contribute to improving corporate data governance practices and supporting
strategic decision-making.
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