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Abstract of Praxis 

Digital Transformation in the European Union: Maximizing GDP per Capita 

through Predictive Modeling  

  The European Union (EU) confronts a critical challenge as only 55% of small and 

medium-sized enterprises have attained a fundamental level of digital technology adoption, 

potentially forfeiting 490 billion euros from unrealized digitalization plans. A compelling 

solution emerges in the form of a predictive model, guiding the allocation of EU digital 

investments to maximize gross domestic product (GDP) per capita. 

This study presents a comprehensive analysis examining the dynamic interplay 

between technology and economic performance. It inspects the correlation between 

technology and economic performance, identifies regional variations, investigates the role 

of government in shaping technological progress, and creates a predictive model to 

optimize digital investments for economic prosperity. Several analytical methods were 

implemented, including Pearson and Spearman for correlation analysis, analysis of 

variance (ANOVA) for group comparisons, and multiple linear regression and decision 

tree analyses for machine learning. 

The results underscore the pivotal role of technology in affecting economic 

performance, urging policymakers and industry leaders to allocate resources judiciously. 

They also emphasize the significance of integrated digital technologies in digital 

transformation projects, highlight the inferior progress of digital transformation in Eastern 

Europe, and show a positive correlation between digital government services and economic 

growth. Moreover, the work on predictive modeling has unveiled the possibility of 

forecasting the impact of digital transformation on GDP per capita, which can empower 
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decision-makers with a tool to make data-driven choices and optimize their digital 

strategies. 

Recommendations for future research include developing customized models for 

each EU nation, considering long-term economic resilience, exploring the behavioral 

aspects of data privacy and security, investigating the readiness of the EU workforce to 

adapt to emerging technological trends, and conducting studies of select countries or 

regions with successful digital transformation initiatives and comparing them to the EU.  
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Chapter 1—Introduction 

 

1.1 Background 

Gross domestic product (GDP) is among the most popular economic performance 

indicators. It quantifies the output of a nation's economy within a specific timeframe, 

adjusted for seasonal variations that may arise due to climate or holidays (Kramer, 2022). 

GDP is essential because it provides information about an economy's size and overall 

performance. In general, an increase in GDP indicates economic progress for a country 

(Callen, 2023). Compared with prior periods, GDP serves as an indicator of whether the 

economy is in a phase of expansion marked by increased production of goods and services 

or a contraction resulting from diminished output. It also allows for comparisons between 

the performances of different countries (Fagan, 2022). 

The Group of Twenty (G20) defines the digital economy as encompassing a 

spectrum of economic activities relying on digitized information and knowledge as 

essential production elements. It emphasizes the significance of information networks as 

spaces for essential activities and highlights the effective utilization of information and 

communications technologies (ICT) in driving productivity growth and optimizing 

economic structures (G20 Digital Economy Task Force, 2016). 

The economic growth of a society has long been intricately linked with 

technological advancements and progress. During the second half of the 20th century, the 

Third Industrial Revolution resulted in a significant shift from an industrial economy to a 

digital one, driven by advancements in ICT. Now, the world is on the cusp of the Fourth 
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Industrial Revolution, where the digital transformation of economies plays a role in a 

nation’s economic development (K. Rong, 2022). 

The capability of technologies to improve welfare and living standards is widely 

acknowledged. They can enhance product and service quality while boosting productivity. 

However, much of this potential remains untapped as many countries have experienced a 

slowdown in productivity over the last two decades (OECD, 2021). From 1970 to 2010, 

Europe exhibited more dynamic GDP growth per capita than the United States. Europe's 

per capita GDP increased by 2.3%, surpassing the US rate of 1.9%. However, between 

2010 and 2020, European GDP growth declined to 0.8%, while the United States retained 

a growth rate of 1.7%. Most US states now possess a higher GDP per capita than most 

European countries (Smit et al., 2022). 

To leverage the benefits provided by digital technologies and ensure their 

widespread adoption both domestically and internationally, it is critical to establish suitable 

market incentives that encourage digital adoptions and endorse more significant 

investments in complementary factors (such as communication networks) and intangible 

assets (such as organizational capital, cognitive and noncognitive skills, data, software, and 

research and development). Furthermore, as digital technologies continue to advance 

rapidly, particularly in areas such as artificial intelligence, the significance of these 

complementary factors will become more pronounced. This is driven by the growing 

demand for high-speed communication networks and the rising complexity and 

pervasiveness of human-machine interactions in the future (OECD, 2021). 

 

 



3 

 

1.2 Research Motivation 

While Europe has been at the forefront of sustainability and inclusivity efforts, its 

future growth trajectory may be uncertain due to the relatively uninspiring performance of 

its companies relative to those in the United States. This gap is primarily attributed to 

Europe's enduring weakness in ICT and other disruptive innovations. As technology and 

disruption continue to enter various sectors, exerting influence on competitiveness, Europe 

finds itself vulnerable across multiple fronts. Unless Europe improves its corporate and 

technological gap, its strong performance in sustainability and inclusion could become 

more challenging to maintain (Smit et al., 2022). 

In response to the COVID-19 pandemic, the European Union (EU) initiated the 

Recovery and Resilience Facility Plan (RRP), a fund designed to assist member states in 

conceiving and executing projects in alignment with the EU’s overarching priorities. This 

represents an unparalleled opportunity for nations to channel investments into their digital 

transformation endeavors, collectively enhancing the union's resilience, promoting 

innovations, and easing the EU’s external dependencies (OECD, 2021). However, 

achieving these goals is not without its challenges. Digital transformations often face a 

failure rate of approximately 90%, leading to negative consequences for the group’s 

operations and intent to innovate further (Ramesh & Delen, 2021). 

 

1.3 Problem Statement 

Only 55% of EU small and medium-sized enterprises reached at least a basic level 

in adopting digital technologies, putting 490 billion euros at stake from digitalization plans 

(European Commission, 2022). 
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The urgency for digital transformation extends beyond immediate gains, as 

emphasized by Appio et al. (2021), who report that 87% of companies worldwide anticipate 

significant disruptions to their industries due to the digital revolution. In this context, it is 

evident that nations must establish a digital presence and develop robust strategies to 

navigate an increasingly digitized future. Moreover, digital adoption transcends the realm 

of individual enterprises; it is a collective imperative that extends to national and regional 

levels. In an increasingly interconnected and competitive global marketplace, the relative 

digital maturity of entire regions directly affects their ability to compete effectively. Thus, 

the EU faces a pressing need to establish a comprehensive and effective transformation 

plan that transcends individual enterprises and addresses the collective digital readiness of 

the region. 

 

1.4 Thesis Statement 

A predictive model is required for the EU to allocate its digital investments to 

maximize the GDP per capita while minimizing costs. 

By quantifying the technological landscape and assessing disparities in digital 

transformation progress among nations, this research aims to create a valuable predictive 

model that empowers the European Commission and individual member states to allocate 

resources judiciously across digital categories, fostering innovation, curbing unnecessary 

expenditures, and enhancing corporate values. Furthermore, the model facilitates the 

formulation and measurement of the economic impact of digital transformation policies, 

ushering in a new era of data-driven digital policy planning. 
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1.5 Research Objectives 

By addressing the research objectives below, this study aims to offer a pioneering 

contribution to digital investment optimization within the EU context, providing a 

quantifiable framework for decision-makers to drive sustainable economic growth, 

technological innovation, and corporate value enhancement across member states. 

Analyze the technology landscape and digital transformation progress: To provide 

a comprehensive understanding of the digital technology landscape in the EU by evaluating 

the current state of digital adoption, identifying technological disparities among member 

states, and categorizing digital investments. 

Quantify the impact of digital transformation on the economy: To develop methods 

to assess the effectiveness of digital policies and investments in boosting economic growth, 

particularly the GDP per capita. 

Develop a predictive model to assist decision-making: To construct an advanced 

predictive model that leverages big data analytics and machine learning techniques, 

enabling the European Commission and national governments to quantify and optimize 

digital investment allocations to maximize GDP per capita. 

 

1.6 Research Questions and Hypotheses 

This study employs a layered approach to dissect the technology landscape, 

progressively peeling away each layer to delve deeper into its impact on economic 

performance. These research questions and hypotheses encapsulate the multifaceted nature 

of our study, which systematically examines the interplay between technology and 

financial performance, identifies regional variations in digital transformation, investigates 
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the role of government in shaping technological progress, and, ultimately, employs 

advanced predictive modeling to offer insights into optimizing digital investments for 

economic prosperity. 

Layer 1: Impact of technological dimensions on economic performance 

Beginning with the outermost layer, we scrutinize various technical dimensions in 

relation to a nation's economic performance. This investigation leads to the formulation of 

the initial research question and hypothesis: 

RQ1: Which technological dimension has the most impact on a country’s economic 

performance? 

H1: The integration of digital technology is the most impactful dimension on GDP 

per capita. 

Layer 2: Geographical disparities in digital transformation 

Progressing further into our research layers, we turned our attention to the 

disparities in technology adoption across different European regions, resulting in the 

emergence of our second research question and hypothesis: 

RQ2: Does the digital transformation rate vary among different regions of Europe? 

H2: Western European countries are better at digital transformation than their 

Eastern European counterparts. 
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Layer 3: Government impact on technological progress 

Subsequently, we transition to the third layer, wherein we assess the role of 

government in shaping technological landscapes. This exploration leads to the articulation 

of the ensuing research question and hypothesis: 

RQ3: Is there a relationship between a country’s digital government services and 

its economic performance? 

H3: A country has a higher GDP per capita as it improves its digital government 

services. 

Layer 4: Smart investment for economic prosperity 

In the final layer, the aim is to determine the most astute approach to investment, 

with the overarching goal of maximizing a country's wealth. To achieve this, a predictive 

model leveraging machine learning is constructed, enabling the forecast of GDP per capita 

using a variety of technological variables. 

Predictive Model: Employ machine learning to predict GDP per capita by 

considering various technological variables. 
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Figure 1. Four layers of technology landscape 

 

1.7 Scope of Research 

This research examines the relationship between transformation and economic 

performance in detail. It involves developing a model that can be applied in real-world 

scenarios using datasets obtained from reliable sources. The study intends to provide 

insights into the economic impact of digital transformation, benefiting policymakers, 

businesses, and the broader society by aiding them in making informed decisions regarding 

technology investments and growth strategies. 
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Advanced machine learning algorithms are employed to construct a predictive 

model. The primary purpose of the model is to predict a country’s GDP per capita, which 

can then be used by governments, policymakers, and industry leaders when assessing the 

effects of digital transformation investments. It emphasizes how digital technologies play 

a role in driving economic growth and prosperity. 

A substantial portion of this study is committed to data collection and preparation. 

A new dataset is created by combining information from two sources: the Digital Economy 

and Society Index (DESI) dataset published by the European Commission and Eurostat's 

GDP per capita dataset. To become suitable for in-depth statistical analysis, this new 

dataset undergoes careful curation processes by introducing new columns and variables 

and reconfiguring existing ones. 

The DESI dataset serves as a critical source of information, offering a composite 

index that encapsulates Europe's digital performance. It includes various indicators 

covering different aspects of digital transformation in all EU countries. Meanwhile, the 

GDP per capita dataset provides essential economic data, enabling us to assess the 

relationship between digital transformation and economic prosperity within the EU. 

 

1.8 Research Limitations 

It is essential to recognize that there are limitations, such as those listed below, that 

can affect the scope and applicability of our findings. 

Single indicator for economic performance: This study primarily relies on GDP per 

capita as the leading indicator of a country’s economic performance. Although this metric 
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is widely accepted and utilized, it is worth acknowledging that alternative measures of a 

nation's wealth and economic well-being exist. 

GDP anomalies in Ireland and Luxembourg: The irregularities in the GDP per 

capita statistics have been observed in the cases of Ireland and Luxembourg. These 

anomalies require adjustments to the dataset to avoid negative impacts on the accuracy and 

reliability of the results. 

Limited historical data: The availability of data on digital performance is confined 

to the DESI reports generated by the European Commission from 2014 to 2022. 

Consequently, any digital progress or developments predating 2014 are omitted from the 

research. This limitation hinders a comprehensive historical perspective on digital 

transformation within the EU. 

Variability in data collection and monitoring: Much of the statistical data used in 

this study has been self-reported by EU member states. The potential for variations in data 

collection, reporting methodologies, and monitoring practices among member states 

introduces some uncertainty. 

 

1.9 Organization of Praxis 

This doctoral praxis is structured into five chapters, each contributing to a 

comprehensive exploration of the intricate relationship among digital transformation, 

economic performance, and technology investment within the European context. 

Chapter 1 serves as the foundational component of this praxis, offering an 

introductory perspective on the research endeavor. It encapsulates the problem statement, 

thesis statement, and research questions, establishing the research's fundamental 
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foundation. Furthermore, this chapter delineates the scope of the study, elucidating the 

boundaries within which the research operates, and conscientiously addresses potential 

limitations. Chapter 2 then delves into the existing body of knowledge, providing an 

extensive literature review that offers insights into Europe's dynamic landscape of 

technology. It also explores the multifaceted challenges of digital transformation, 

providing a contextual backdrop for the subsequent analyses. Subsequently, chapter 3 

addresses the critical aspects of data acquisition, preparation, and the chosen 

methodologies for analysis, ensuring a rigorous and systematic approach. Building on the 

preceding chapters, chapter 4 employs the gathered data and applies statistical 

methodologies to develop forecasting formulas for GDP per capita. In addition, it addresses 

hypotheses and research questions based on statistical outcomes. Lastly, chapter 5 

integrates all findings and analyses from the preceding chapters, fostering a comprehensive 

discussion of the research topic. It culminates in a brief summary of the study's 

contributions and offers recommendations for future endeavors. 
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Chapter 2—Literature Review 

 

2.1 Introduction 

This chapter examines prior research on digital transformation, providing readers 

with a deeper comprehension of the digital economy. Its primary objectives are to pinpoint 

gaps in the current body of knowledge, clarify conceptual nuances, and establish a 

theoretical framework that underpins the research study. By doing so, readers can 

appreciate the pivotal role of technology and its potential to significantly enhance a nation's 

well-being when investments and policies are executed thoughtfully. Acquiring 

comprehensive insights into the technological landscape and a quantifiable method for 

forecasting gross domestic product (GDP) per capita can prove immensely advantageous 

for any European Union (EU) member state. Furthermore, this chapter not only highlights 

the principal discoveries in the field but also acknowledges the limitations inherent in our 

study. It lays the groundwork for areas where further research is warranted. 

The structure of this chapter comprises seven sections. The second section offers a 

comprehensive exploration of the digital economy, focusing on the technological impact 

on economic dynamics, the potential for technology to augment corporate value, the key 

attributes to successfully execute e-government initiatives, the challenges associated with 

digital transformation, and the advantages and shortcomings inherent in GDP as a metric. 

Subsequently, section 3 more intricately explores correlation analysis, revealing various 

methodologies and providing guidance on the most effective approaches for measurement 

and validation. Following this, section 4 outlines the concept of group comparison, offering 

guidance on its effective execution and validation techniques. Section 5 navigates diverse 
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machine learning structures, emphasizing prevalent algorithms and recommending the 

most suitable evaluation metrics. Afterwards, the sixth section underscores the existing 

knowledge gaps within literature and the valuable advantages that arise from addressing 

and bridging these gaps. Lastly, section 7 serves as the conclusion of this chapter, 

summarizing the key takeaways and contributions. 

 

2.2 Digital Economy 

 

2.2.1 Impacts of Technology on the Economy 

The concept of the digital economy pertains to the economic domain encompassing 

the creation, production, trade, and provision of goods and services that are entirely reliant 

on digital technologies (Kling & Lamb, 1999). The digital economy encompasses the 

entirety of economic activities that rely on or are significantly bolstered by the utilization 

of digital components, including digital technologies, infrastructure, services, and data. 

This refers to all entities involved in production and consumption, including governmental 

bodies, that integrate these digital components into their economic operations (OECD, 

2020). In this context, digitalization is understood as the assimilation of data and the 

Internet into various aspects of production processes, emerging consumption patterns in 

households and the public sector, wealth accumulation, international flows, and financial 

operations (Borowiecki et al., 2021). 

The information and communication technology (ICT) sector has undergone rapid 

and transformative evolution over the past few decades. This progression has encompassed 

numerous milestones, starting with the emergence of microelectronics in the 1940s and 
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then moving to the arrival of computers in the 1960s, the introduction of the internet in the 

1990s, and, most recently, the emergence of cutting-edge technologies like blockchain, 

artificial intelligence (AI), and robotics. This has resulted in the emergence of new 

industries, including e-commerce, fintech, and autonomous vehicles. As technology 

continues to advance and digitalization becomes more pervasive, societies and businesses 

undergo fundamental transformations aligning with the current digital landscape (Imran et 

al., 2022). 

  Firstly, regarding the allocation of national resources, digital technologies are 

disrupting conventional modes of communication, commerce, and education, reshaping 

how individuals operate in the workplace and at home. They facilitate quicker and more 

accessible information access, reduce the cost of communication technologies, bolster 

productivity, enhance efficiency, accelerate innovation and economic expansion, 

encourage government transparency, and facilitate interactions between citizens and their 

governments, among other benefits (Yuan et al., 2021). Consequently, the effective 

deployment and utilization of ICT serve as fundamental digitalization drivers. From a 

macroscopic viewpoint, the digital economy's influence on conventional economic growth 

predominantly stems from the further refinement of production input and output efficiency 

due to technological progress and revolution, resulting in a more digitally oriented 

redistribution of national resources (Pan et al., 2022). 

  Moreover, concerning employment within society, the digital revolution challenges 

traditional business models and reshapes consumption patterns, leading to the rapid 

transformation of conventional production systems and value chains. This revolution 

results from the combined integration of emergent technologies, including cloud 
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computing, the Internet of Things, AI, and robotics. It introduces fresh challenges to the 

employment landscape, raising concerns among scholars about potential job shortages due 

to the adoption of emerging technologies (Spence, 2021). However, this transition also 

creates new employment opportunities in nascent markets, increasing job prospects in 

some existing professions (K. Rong, 2022). 

  Finally, the rise of the digital economy contributes to the burgeoning growth of the 

finance sector, particularly in the digital currency realm. The widespread adoption of 

digital currency is closely tied to the developments of the digital payment industry and the 

evolution of digital security technologies. Presently, the digital economy is reshaping 

established business models across various sectors (K. Rong, 2022). 

 

2.2.2 Corporate Value 

In 2015, the global digital economy amassed approximately 11.5 trillion USD, 

equivalent to 16% of the worldwide GDP. Projections indicate that this value is anticipated 

to surpass 23 trillion USD, constituting 24% of the global GDP, by 2025 (ECLAC, 2018). 

The Economic Commission for Latin America and the Caribbean (ECLAC) estimated that 

the digital economy contributed an average of 5% to the GDP of the EU, highlighting its 

growing importance (United Nations, 2013). 

  From 2014 to 2019, in terms of return on invested capital, prominent European 

corporations with annual revenues exceeding $1 billion displayed a 20% lower profitability 

level than their US counterparts. Additionally, these European firms experienced a roughly 

40% slower revenue growth rate, allocated about 8% less capital to investments, and 

dedicated about 40% fewer resources toward research and development (R&D) activities. 
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These distinctions are predominantly notable in industries that drive technological 

innovation, specifically technology, ICT, and pharmaceuticals. The gap in ICT 

performance is also apparent in the enterprise value of large, publicly traded firms. In 2000, 

European companies and their US counterparts were valued equally at $7 trillion and $8 

trillion, respectively. However, by November 2021, the valuation of US-based firms had 

more than doubled that of their peers, reaching $46 trillion compared with $21 trillion. 

Almost half of this disparity in market capitalization can be attributed to the six largest 

technology companies in the United States (Smit et al., 2022). This highlights how 

investing in technology can significantly boost values within a country and consequently 

enhance its economic performance. 

 

2.2.3 E-government 

E-government refers to government agencies' utilization of information technology 

to facilitate information exchange among various stakeholders such as citizens, businesses, 

and other government entities. This concept marks a fundamental shift in the global 

landscape of government operations. It encompasses numerous objectives ranging from 

establishing quantifiable administrative targets to enhancing the delivery of public 

services, from data-driven decision-making to the implementation of evidence-based 

policies. E-government initiatives are designed to improve government accountability, 

transparency, and public trust, all achieved through the innovative deployment of 

information technologies (World Bank, 2015). Moreover, the potential advantages of e-

government implementation are far-reaching, encompassing reduced corruption, increased 

convenience, economic development, and cost reduction (AO-ITC, 2019). 
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In the EU, particularly in urban areas, e-government is deemed an imperative 

process. The urban landscape grapples with the challenges posed by an aging population, 

urban sprawl, persistently high rates of youth and elderly unemployment, and the evolving 

needs of expanding urban centers. Improving public services through e-government is 

critical to reallocating resources to cater to the evolving demands of growing and 

developing urban regions (Lytras & Serban, 2020). 

Fang (2002) identifies the following vital attributes characterizing countries 

successfully executing e-government initiatives worldwide: 

Comprehensive: E-government portals should allow citizens to address all their 

governmental needs and desires through a single unified platform. 

Integrated: All e-government applications should seamlessly interconnect, 

eliminating the redundancy of data entry and optimizing resource utilization. 

Ubiquitous: Accessibility to an e-government portal and its affiliated sites and 

applications should be available to users from any internet-capable connection, ensuring 

widespread availability. 

Easy to use: Governmental web platforms should be designed and operated with a 

user-centric approach, ensuring that even the most novice computer users can readily 

access the information they seek. 

Secure: E-government systems must safeguard the confidentiality of citizen-

provided data, government-generated and stored records, and the details and existence of 

transactions between citizens and the government conducted over the internet. 
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Interoperable: Excellent e-government portals establish effective links to other 

government websites at various levels of governance, fostering seamless collaboration and 

data sharing among government entities. 

 

2.2.4 Challenges of Digital Transformation 

Empirical studies highlight that the disparities in economic performance and global 

competitiveness of nations are heavily contingent on the extent of acceptance, accessibility, 

and utilization of ICT. However, the progression of ICT carries the potential to accentuate 

a digital divide, creating inequalities among nations, regions, households, individuals, and 

businesses regarding access to and utilization of ICT. To effectively harness the benefits 

of ICT, several barriers must be surmounted, particularly addressing gaps among and 

within countries concerning the accessibility of these technologies and their proficiency in 

their usage (Borowiecki et al., 2021). 

Not all EU member states exhibit comparable proficiency in achieving digital 

transformation. Research findings indicate that the primary impediments lie in government 

policies, the state of ICT infrastructure, and the adequacy of training and qualifications. 

Firstly, governments have the responsibility of formulating a strategic policy framework 

that facilitates the acquisition and utilization of ICT with the aim of fostering social and 

economic development. In emerging economies, the expansion of ICT infrastructures is 

behind that of their more developed counterparts, primarily due to inadequate policies and 

insufficient investments in the ICT sector. 

Furthermore, basic national ICT infrastructure that offers accessible connectivity 

to citizens and global networks holds paramount significance across all nations, effectively 
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intertwining with a country's socioeconomic and business fabric. However, such resources 

remain scarce in numerous developing nations, resulting in limited access to hardware and 

software. 

Lastly, it is crucial to recognize that the mere acquisition of professional and 

technical skills by a select few in poorer countries or the transfer of advanced technological 

equipment from industrialized nations does not constitute genuine technology transfer. 

Authentic technology transfer transpires when the recipient nation possesses the requisite 

technical knowledge to employ the hardware proficiently. While equipment relocation 

might be relatively straightforward, the transfer of capacity, which is rooted in human 

expertise, presents a more intricate challenge (Ejiaku, 2014). 

   

2.2.5 Gross Domestic Product 

GDP is a quantitative indicator of the total monetary value of final goods and 

services produced within a country's borders during a specified timeframe. It comprises all 

outputs generated within a nation's borders and includes both market-based goods and 

services, as well as certain non-market activities like government-provided defense and 

education services (Callen, 2023). This economic indicator is closely monitored by 

economists for insights into quarterly and annual growth rates, aiding in the assessment of 

overall economic well-being. Policymakers reference GDP when formulating fiscal 

strategies, and central bankers consider it in shaping future monetary policies. Numerous 

approaches exist for evaluating a country's economic well-being and prosperity. GDP per 

capita is the most popular due to its globally standardized components, rendering 

calculations and comparisons straightforward. GDP per capita gauges a country's economic 
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production per individual, calculated by dividing the nation's GDP by population size. 

When a nation's GDP per capita grows alongside a stable population, it may signal 

technological advancements, enabling increased output at the same population level 

(Investopedia, 2023). 

Nevertheless, in specific instances, GDP per capita can be excessively inflated and 

may not accurately reflect a nation's actual prosperity level. This phenomenon is 

particularly pronounced in the cases of Ireland and Luxembourg. 

The substantial elevation of Ireland's GDP per capita can be attributed to factors 

such as re-domiciliation, the cross-border transfer of intangible assets, and the globalization 

of production processes. In terms of re-domiciliation, the relocation of the headquarters of 

UK and US companies to Ireland over the past decade has led to an upward shift in 

investment income receipts, consequently inflating Ireland's net primary income recording 

and its measured current account (Avdjiev et al., 2018). Next, concerning the mobility of 

intangible assets, the relocation of intellectual property (IP) across countries, often driven 

by tax-planning activities of multinational corporations, can alter the geographical 

attribution of exports and imports (Avdjiev et al., 2018). For instance, in 2018, the IMF 

estimated that a quarter of Ireland's GDP growth could be attributed to global iPhone sales, 

with other Apple entities compensating the Irish unit for IP usage (Pogatchnik, 2021). 

Lastly, the globalization of production processes, exemplified by the aircraft leasing 

industry's decision to register assets in Ireland, has significantly inflated GDP figures 

(Gudgin, 2021). While this includes contract manufacturing contributions to GDP, a 

substantial portion of the income generated from this production is repatriated to foreign 

owners (Eurostat, 2021). 
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Figure 2. Re-domiciliation to Ireland for tax purposes (Richardson, 2019) 

 

Meanwhile, Luxembourg's elevated GDP per capita stems from cross-border 

workers and favorable tax policies. While cross-border workers contribute to GDP, they 

are excluded from the resident population, which is the basis for calculating GDP per capita 

(Eurostat, 2021). In the context of tax policies, Luxembourg's incentives have enticed 

numerous financial institutions to establish operations within its borders. Multinational 

corporations (MNCs) have reported profits in Luxembourg equivalent to 127% of the 

country's GDP. More specifically, reports by the Congressional Research Service in 2010 

revealed that US-controlled MNCs declared profits in Luxembourg exceeding the 

combined income of individuals, trusts, other companies, non-US MNCs, and all other 

economic activities in Luxembourg (Richardson, 2019). 
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2.3 Correlation Analysis 

Correlation serves as a statistical measure that reveals the interrelationship between 

a pair of variables. It offers insights into how changes in one variable correspond to 

fluctuations in another. A positive correlation is when both variables exhibit synchronized 

increases or decreases, while a negative correlation happens when one variable experiences 

ascent in conjunction with the descent of the other. If the adjustment of one variable causes 

no impact on another variable, then there is a zero correlation between them. Such 

associations are often quantifiable by employing Pearson’s and Spearman’s correlation 

coefficients, both of which are widely recognized statistical methods for evaluating 

relationships between variables within diverse analytical settings (Sereno, 2021). 

 

2.3.1 Methods for Correlation Analysis 

Pearson: 

Pearson’s correlation coefficient measures the strength of a linear association 

between two variables by determining the distance among all data points and a line of best 

fit drawn through them. The correlation coefficient's proximity to either +1 or -1 indicates 

the strength of the relationship, depending on whether it is positive or negative. A value of 

+1 or -1 indicates that all data points lie precisely on the line of best fit. Notably, the 

analyzed variables must be measured using an interval or ratio scale, but they are not 

required to share the same scale. Furthermore, the units of measurement do not influence 

the correlation coefficient calculations, facilitating straightforward comparisons. Pearson's 

correlation treats all variables equally, irrespective of their classification as dependent or 

independent (Laerd Statistics, 2020a). 



23 

 

Spearman: 

Spearman's rank correlation coefficient, a nonparametric counterpart to Pearson's 

correlation, evaluates the association between two ranked variables. In contrast to Pearson's 

sole focus on linear relationships, Spearman's correlation evaluates the strength and 

direction of the monotonic relationship between variables. This coefficient ranges from +1 

to -1, with +1 or -1 indicating a perfect positive or negative association between ranks, 

while 0 signifies no association. The closer the coefficient is to 0, the weaker the 

association between ranks (Laerd Statistics, 2020b). The data must be ordinal, interval, or 

ratio, and exhibit a monotonic relationship, wherein the variables increase or decrease in 

the same direction (Glen, n.d.). The table below, provided by Sereno (2021), compares 

Pearson and Spearman correlations. 

 

Table 1. Comparison between Pearson’s and Spearman’s Correlation Coefficients 

(Sereno, 2021) 

 Pearson’s Correlation 

Coefficient 

Spearman’s Correlation 

Coefficient 

Purpose Measures linear relationships Measures monotonic relationships 

Assumptions Variables are typically 

distributed, linear relationship 

Variables have a monotonic 

relationship with no assumptions 

regarding the distribution 

Calculation 

Method 

Based on covariance and 

standard deviations 

Based on ranked data 
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Range of 

Values 

-1 to 1 -1 to 1 

Interpretation Strength and direction of linear 

relationship 

Strength and direction of monotonic 

relationship 

Sensitivity to 

Outliers 

Sensitive Less sensitive 

Data Types Interval and ratio Ordinal and non-normally 

distributed 

Usage Assessing linear associations, 

parametric tests 

Assessing monotonic associations, 

non-parametric tests 

 

The mathematical equations for both methods are presented below. Equation (1) describes 

Pearson’s coefficient and equation (2) Spearman’s rank coefficient (Jasiński, 2021). 
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2.3.2 Measure of Performance  

The correlation coefficients' value range for Pearson’s and Spearman’s is [-1,1]. 

The table below, provided by Jasiński (2021), presents the interpretation of the value. 

 

Table 2. Interpretation of Correlation Coefficient Value (Jasiński, 2021) 

Coefficient Correlation Strength 

r = 0 No 

0 < |r| ≤ 0.1 Slight 

0.1< |r| ≤ 0.4 Poor 

0.4 < |r| ≤ 0.7 Noticeable 

0.7 < |r| ≤ 0.9 High 

0.9 < |r| Strong 

 

2.3.3 Validation Method 

The p-value represents the likelihood of obtaining results as extreme or more 

extreme than observed, assuming the null hypothesis is true. The null hypothesis posits no 

relationship between the compared variables. Therefore, the smaller the p-value, the more 

confident one can be in rejecting the null hypothesis. A commonly adopted significance 

threshold for the p-value, known as the alpha value, is set at 0.05. A p-value below 0.05 

signifies a statistically significant correlation between the two variables (Joseph, 2019). 
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2.4 Group Comparisons 

When comparing different samples, two commonly employed methods are the t-

test and the analysis of variance (ANOVA). The t-test and ANOVA yield similar outcomes 

in situations involving only two samples. However, when considering two or more sample 

sets, using solely the t-test becomes less reliable, as indicated by Singh (2018). 

 

2.4.1 Methods for Group Comparisons 

ANOVA 

ANOVA is a statistical technique to assess disparities among the means of two or 

more groups. Its primary function is to determine whether statistically significant 

differences exist among the means of various groups. ANOVA achieves this by comparing 

the variability between groups to the variability within groups (Singh, 2018). The main 

question is whether the disparity in means surpasses a threshold indicative of random 

selection. To evaluate this, we examine the absolute variance in means across groups while 

considering the inherent variability within each group. If the intergroup difference 

substantially exceeds the intragroup difference, we can infer that this is a real effect and 

not due to random chance (Brown, 2021). 

 

2.4.2 Measures of Performance 

The ANOVA table result provides the following measurements: 

• Degrees of freedom: Total number of values minus 1 (Maxwell & Delaney, 

2004). 
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• Adjusted sum of squares: This expresses the total variation of the y's. The 

value does not depend on the order in which the factors are entered into the 

model (Minitab, 2023). 

• Adjusted mean squares: Dividing the adjusted sum of squares by the degree 

of freedom (Minitab, 2023). 

• F ratio: The ratio of the variation between sample means and the variation 

within the samples (Minitab, 2023). 

 

2.4.3 Validation Method 

According to Brown (2021), the ANOVA procedure tests the hypotheses below. 

H0: μ1 = μ2 = … = μr. All the means are the same. 

H1: Two or more means are different from the others. 

 In the context of hypothesis testing, the null hypothesis posits that all sample means 

are equal or exhibit no significant difference, while the alternative hypothesis suggests that 

at least one sample mean differs from the others. If the computed p-value falls below the 

chosen alpha level, the null hypothesis is rejected, signifying statistical dissimilarity among 

two or more means (Brown, 2021). 
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2.5 Machine Learning  

 With the increasing growth of the internet, various kinds of data have been 

increasing explosively. Therefore, collecting, analyzing, and modeling a large amount of 

data will be essential to conducting valuable predictions in various fields (S. Rong & Bao-

wen, 2018). 

 Machine learning constitutes an expansive domain spanning across ICT, statistics, 

probability, AI, psychology, neurobiology, and various other disciplines. Within the realm 

of machine learning, numerous challenges can be addressed by constructing models that 

effectively represent the chosen datasets. Evolving beyond conventional bounds, machine 

learning has transcended the mere replication of human brain functions, expanding the 

realm of statistics into a comprehensive discipline that generates essential statistical and 

computational theories governing learning processes. At its core, machine learning entails 

the development of algorithms that empower computers to learn. The learning process 

involves the identification of statistical regularities or other patterns within data (Nasteski, 

2017). 

Machine learning depends on algorithms to tell which actions are taken and 

subsequently provide a deduced function. In the future, machines may develop genuine 

self-awareness and function independently of human-influenced data intake. For now, 

however, humans and data will remain important in influencing machine-driven 

predictions (Tableau, 2023). 
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2.5.1 Groups of Machine Learning  

Machine learning is organized into four groups: supervised learning, unsupervised 

learning, semi-supervised learning, and reinforced learning (Çeli̇k, 2018). In supervised 

learning, input data is utilized to derive the corresponding result set. Unsupervised learning 

lets the model learn organically without specific instructions provided in a dataset 

(Tableau, 2023). Semi-supervised learning involves the integration of labeled and 

unlabeled data to produce an appropriate function or classifier. Reinforcement learning 

allows the model to learn through rewards and feedback from the environment (Nasteski, 

2017). 

Moreover, supervised learning can be further classified into two different 

categories of algorithms: classification and regression. Classification is when the output 

variable is a specific category, and regression is when the output variable is a real 

fluctuating value (Tableau, 2023). 

 

2.5.2 Regression Analysis  

Regression analysis can be utilized for two purposes. The first purpose is for 

forecasting and prediction. Secondly, regression analysis can sometimes be deployed to 

inspect causal relationships between the independent and dependent variables; specifically, 

it presents only the association between a dependent variable and a fixed dataset collection 

of different variables (Maulud & Abdulazeez, 2020). 
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2.5.3 Algorithms for Regression Analysis 

The two most common algorithms for regression analysis are multiple linear 

regression and decision trees. 

Multiple Linear Regression 

Linear regression analysis can be divided into simple linear regression and multiple 

linear regression. The key distinction lies in the fact that multiple linear regression 

incorporates two or more independent variables into the model, as opposed to just one (S. 

Rong & Bao-wen, 2018). As stated by Maulud et al. (2020), the basic model for multiple 

linear regression and the formula to determine the formula matrix are as follow: 

     (3) 

 (4) 

Decision Tree 

A decision tree is a learning algorithm employing simple decision-making steps to 

break vast amounts of data into fragments. The key advantages of a decision tree are its 

dependability and ease of integration into databases (Çeli̇k, 2018). Among the majority of 

the machine learning algorithms used in supervised learning, a decision tree is the most 

popular and reliable since it provides an interpretation that the layperson can quickly grasp 

(Pathak et al., 2018). 
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2.5.4 Measures of Performance 

Despite the widespread application of regression analysis in numerous machine 

learning studies, a unanimous consensus regarding a standardized metric for evaluating 

regression outcomes remains vague. Commonly utilized metrics include the mean square 

error (MSE) and its square root counterpart (RMSE), as well as the mean absolute error 

(MAE) and the percentage-based version (MAPE). However, a shared limitation of these 

metrics is their potential range, spanning from 0 to positive infinity, thereby making it hard 

to gauge the performance quality of a regression method based on their individual values. 

Given that our study aims to formulate the most precise predictive model, we require an 

evaluation measure that yields a high score only when a substantial portion of elements 

within a ground truth set are accurately forecasted. In this context, the coefficient of 

determination (R-squared, or R2) emerges as the most informative metric on many 

occasions (Chicco et al., 2021). R-squared is commonly used to determine how well a 

regression model explains the observed data. For example, an R-squared of 25% indicates 

that the regression model accounts for 25% of the variability found in the target variable. 

A higher R-squared typically means that the model is better at explaining the variability 

(Taylor, n.d.). 

𝑅2 = 1 −
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
=  

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒−𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
=  

𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑐𝑒𝑑 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
=

𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑      (5) 
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2.6 Knowledge Gaps 

The landscape of digital transformation, characterized by the convergence of big 

data and the dynamic technology industry, presents fertile ground for academic research. 

Although the existing literature on digital transformation is substantial, the ever-evolving 

nature of this field creates an imperative need to identify and explore critical gaps in 

understanding. 

One notable gap in the literature pertains to the limited coverage of predictive 

models that leverage digital transformation in the context of economic performance. As 

businesses and governments increasingly integrate digital technologies into their 

operations, understanding the effects on economic outcomes becomes paramount. While 

several studies discuss the broader impact of digital transformation, such as increased 

efficiency and innovation, there must be more research focusing on predictive models that 

can quantify these impacts. The development and validation of predictive models that 

consider digital transformation's role in economic performance can provide valuable 

insights for decision-makers, enabling more informed and data-driven policy and strategy 

formulation. 

Another significant gap in the literature relates to the need for data-driven 

approaches that investigate the economic impact of various technological dimensions, 

particularly emphasizing the integration of digital technology (IDT) or e-government. 

Despite the transformative potential of these dimensions, existing literature falls short in 

providing robust methodologies for quantitatively evaluating their impact on economic 

indicators. Addressing this gap is crucial in providing policymakers and practitioners with 

evidence-based insights to guide strategic decisions on digital transformation. 
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Another critical yet underexplored aspect of the literature revolves around the 

regional disparities within the EU concerning the digital economy. While the necessity of 

bridging the digital divide within the EU has garnered attention in policy discourse, 

empirical investigations that focus on this area with rigorous statistical analyses are notably 

scarce. A comprehensive understanding of the regional nuances in digital transformation 

is imperative for formulating targeted policies that promote equitable technological 

advancement across member states. 

 

2.7 Conclusion 

This chapter has presented a comprehensive review of existing research on digital 

transformation, culminating in a deeper understanding of the digital economy. Through the 

identification of knowledge gaps, clarification of conceptual intricacies, and establishment 

of a robust theoretical framework, this chapter has provided a solid foundation for the 

ensuing research study. Readers have gained valuable insights into the pivotal role of 

technology and its potential to significantly enhance a nation's well-being when guided by 

informed investments and policies. The acquisition of comprehensive insights into the 

technological landscape, coupled with a quantifiable method for forecasting GDP per 

capita, holds immense potential for the advancement of any EU member state. Overall, this 

chapter has laid the foundation for subsequent chapters, where we perform analyses to 

better understand the intricate dynamics of the digital transformation landscape, with the 

objective of informing sound digital policy formulation. 
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Chapter 3—Methodology 

 

3.1 Introduction 

This chapter provides a comprehensive exposition of the methodology employed 

in this research endeavor. The primary objectives of this praxis are to offer an extensive 

understanding of the technological landscape within the European Union (EU) and deliver 

a quantifiable framework for formulating digital policies. To examine this landscape, we 

initially conducted correlation analysis to gauge the relationship between the gross 

domestic product (GDP) per capita and various other technology-related variables. 

Subsequently, we employed group comparison techniques to assess potential disparities in 

the advancement of digital transformation among EU member states. Following this, 

machine learning algorithms were deployed to construct a predictive model, enabling us to 

forecast GDP per capita in relation to a myriad of technological domains. 

The chapter is structured into seven sections. The second section provides a holistic 

overview of the methodology. The third expounds on the diverse datasets utilized, along 

with details about their sources and collection methods. Section 4 further explores the 

process of data preparation. It provides additional insights into the new dataset, introduces 

new columns and variables, elucidates the structural levels of the data, explains the training 

and testing set split, and presents the activity surrounding feature preparation and selection. 

Section 5 then outlines the rationale behind the selection of methods for correlation 

analysis, group comparison, and machine learning. The sixth section addresses the 

evaluation of method performance and outlines the specific result metrics sought in our 

study. Finally, section 7 encapsulates the concluding remarks. 
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3.2 Methodology Overview 

The methodology for this doctoral praxis can be described in a sequence of eight 

essential steps, as follows.  

Step 1: Data Collection 

The research began by collecting information from two datasets: the Digital 

Economy and Society Index (DESI) provided by the European Commission and the GDP 

per capita dataset from Eurostat. 

Step 2: Data Integration and Preparation 

The second step involved merging these two datasets into a consolidated dataset. 

Extensive preparation and cleaning procedures were then performed to ensure the quality 

and reliability of the data. 

Step 3: Correlation Analysis 

In this step, correlation analysis was conducted using both the Pearson and 

Spearman methods. The goal was to explore relationships between variables in the dataset 

and GDP per capita. 

Step 4: Group Comparison 

The fourth step involved comparing groups using the analysis of variance 

(ANOVA) method. It aimed to assess and compare digital transformation levels among 

different geographical regions. 

Step 5: Machine Learning 
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The fifth step of the methodology encompassed the development of machine 

learning models, specifically multiple linear regression and decision tree methods, to 

predict GDP per capita based on various technological variables. 

Steps 6 and 7: Model Training and Model Testing 

In steps 6 and 7, the machine learning models created in step 5 were subjected to 

training and testing. This process assessed the performance and predictive capabilities of 

the models on unseen data. 

Step 8: Drawing Conclusions 

The eighth and final step involved drawing conclusions based on the analyses 

conducted in the previous steps. This step synthesized the findings, identified insights, and 

discussed the research implications. 

The graph below visually represents the chronological progression of these eight 

methodological steps, illustrating the sequential flow of activities and their interrelation in 

achieving the research objectives. 
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Figure 3. Methodology overview 

 

3.3 Datasets and Data Sources 

  This study utilizes data from two distinct datasets, as shown in table 3. The first 

dataset is the DESI, a composite metric designed to neatly encapsulate focal indicators 

pertaining to Europe's digital performance. It monitors the progress of EU member states 

across the diverse dimensions of connectivity, human capital, use of the internet, 

integration of digital technology, and digital public services. It is important to note that this 

dataset has been meticulously sourced from credible sources, as indicated in table 4. 

  The second dataset encompasses a government-issued report detailing the GDP 

aggregates per capita for individual EU member states and categorized groupings. This 

report provides a selection of national accounting statistics pertaining to fundamental 
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aggregates within national accounting frameworks. This dataset was diligently obtained 

from Eurostat, an established and reputable source of economic information. 

  

Table 3. List of Datasets 

ID Name Source 

 

 

Format Period Number 

of 

Records 

Access 

(Y/N) 

1 Digital Economy and 

Society Index 

European 

Commission 

CSV file 2017 - 2022 14,280 Y 

2 GDP per capita Eurostat XLSX file 2013 - 2021 450 Y 
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Table 4. List of Data Sources for the DESI Dataset (European Commission, 2022) 

Data Source Data Collection Process 

Eurostat Collected and verified by the national 

statistical offices or by Eurostat. 

Communications Committee Collected and verified by the national 

regulatory authorities. 

Broadband coverage studies Collected by IHS Markit, Omdia and Point 

Topic and verified by the national regulatory 

authorities. 

Retail broadband prices studies Collected by Empirica and verified by the 

national regulatory authorities. 

E-government benchmark Collected by Capgemini and verified by 

relevant ministries in every member state. 

Survey of businesses on the use of digital 

technologies 

Collected by Ipsos and iCite, survey results 

have been reviewed by the Digital Single 

Market Strategic Group. 

European data portal Collected by Capgemini from 

representatives appointed by the relevant 

ministries in every member state. 
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3.4 Data Preparation 

 

3.4.1 New and Improved Dataset 

  A new dataset was created by merging the DESI dataset and the GDP per capita 

dataset. This merging process streamlined the workflow and facilitated a comprehensive 

analysis of the dataset in its entirety. It eliminated the need to comb through numerous files 

or laboriously piece together numerous data fragments. Consolidating information from 

diverse sources also enabled a more nuanced understanding of the overarching dynamics 

within the digital economy (Dhanashree, 2023). Furthermore, the creation of a robust new 

dataset significantly enhanced the precision and efficiency of our statistical analyses. 

  Crafting this dataset required executing a series of pivotal tasks (Sharma, 2022), as 

described below:  

• Evaluating the data quality, with an emphasis on attributes such as accuracy, 

completeness, relevance, and consistency. This safeguards against potential data 

corruption that could adversely impact future analyses. 

• Standardizing data into a uniform format, along with reconfiguring columns and 

variables to enhance suitability for statistical analysis. This fostered harmonization 

and uniformity across all parameters. 

• Filtering and refining data to improve its quality. This phase involved the removal 

of duplicated or redundant data. As noted in chapter 2, due to the inflated GDP 

values, it is imperative to exclude the data for Ireland and Luxembourg from this 

study's database to ensure accurate statistical analysis and to uphold the integrity of 

the final outcomes. 
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• Matching data to ensure the relationship between different datasets. In this case, the 

country's name and the year were employed as critical variables to establish the 

linkages between the datasets. 

 

3.4.2 Country Codes 

ISO 3166-1 alpha-2 codes are two-letter country codes standardized and published 

by the International Organization for Standardization (ISO) to represent countries and their 

subdivisions. The adoption of these codes not only expedites processes but also mitigates 

the risk of errors, circumventing the need to rely on country names that can vary depending 

on the language in use (ISO, n.d.). In our new dataset, these two-letter codes are employed 

to designate all EU member states. The table below presents a comprehensive list of 

countries and their respective codes. 
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Table 5. List of EU Countries and Their Respective Country Codes 

Country Code Country Code 

Belgium (BE) Greece (EL) 

Bulgaria (BG) Spain (ES) 

Czechia (CZ) France (FR) 

Denmark (DK) Croatia (HR) 

Germany (DE) Italy (IT) 

Estonia (EE) Cyprus (CY) 

Ireland (IE) Latvia (LV) 

Lithuania (LT) Portugal (PT) 

Luxembourg (LU) Romania (RO) 

Hungary (HU) Slovenia (SI) 

Malta (MT) Slovakia (SK) 

Netherlands (NL) Finland (FI) 

Austria (AT) Sweden (SE) 

Poland (PL) 
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3.4.3 Geographical Regions 

Each EU member state within the dataset was grouped into one of four regions: 

northern, southern, eastern, or western. This classification adheres to the guidelines 

stipulated in the M49 Standard established by the United Nations Statistics Division 

(UNSD). Each country is exclusively affiliated with a single region. These geographic 

divisions are rooted in continental regions, further subdivided into subregions and 

intermediary regions to achieve greater uniformity in population size, demographic 

attributes, and the precision of demographic statistics. The UNSD explicitly states that the 

assignment of countries or areas to specific groupings serves statistical convenience and 

does not imply any presumption regarding political or other affiliations of countries or 

territories by the United Nations (UNSD, n.d.). The countries and their respective regions 

are listed in the figure and table below. 

 

Figure 4. Map of Europe categorized by regions (ISO, n.d.) 
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Table 6. List of EU Countries and Their Respective Regions 

 

 

 

 

 

 

 

 

 

 

 

3.4.4 Structural Level 

  This research engages with a multilayered data structure comprising four distinct 

levels, each contributing to a nuanced understanding of the European digital landscape. 

Each structural level contains a set of variables that collectively contribute to the 

overarching research objectives. 

  Level 1: Digital Economy and Society Index  

At the apex of the data hierarchy is the DESI, a comprehensive metric that serves 

as a summative indicator of a country's digital performance. The focal point of this level is 

the total DESI score, which encapsulates a holistic evaluation of a nation's digital readiness 

and proficiency. 

 

Northern Southern Eastern Western 

Denmark 

Estonia 

Finland 

Ireland 

Lithuania 

Latvia 

Sweden 

Cyprus 

Greece 

Spain 

Croatia 

Italy 

Malta 

Portugal 

Slovenia 

Bulgaria 

Czechia 

Hungary 

Poland 

Romania 

Slovakia 

Austria 

Belgium 

Germany 

France 

Luxembourg 

Netherlands 
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Level 2: Dimension 

Under the DESI score lies the second structural level, which pertains to the four 

primary dimensions that collectively define a nation's digital transformation landscape. 

These dimensions are as follow: 

• Human capital 

• Connectivity 

• Integration of digital technology 

• Digital public services 

Each dimension, under the EU's methodology, carries equal weight, amounting to 

25% of the total DESI score. 

Level 3: Subdimension 

Within each dimension, the data is further disaggregated into subdimensions. This 

level offers a granular examination of specific facets within each dimension, with variables 

structured as follows: 

• Human capital: 

o Internet user skills 

o Advanced skills and development 

• Connectivity: 

o Fixed broadband take-up 

o Fixed broadband coverage 

o Mobile broadband 

o Broadband prices 
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• Integration of digital technology: 

o Digital intensity 

o Digital technologies for business 

o E-commerce 

• Digital public services: 

o E-government 

Level 4: Individual Contributor 

At the lowest tier of the data structure, individual contributors within each 

subdimension are examined. Within the DESI report, these contributors are considered 

equally important and are weighted accordingly within their respective subdimensions. 

This level involves a detailed scrutiny of specific indicators, each contributing to the 

overall assessment of a country's digital performance. 

Overall, this intricate data structure facilitates a multidimensional analysis of digital 

transformation, allowing for the holistic examination of digital performance, from the 

macro-level total DESI score down to the individual contributors. The structure 

underscores the complexity of digital transformation evaluation and its significance within 

the European context. 
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Figure 5. Chart of data’s structural levels 
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Table 7. List of Data’s Structural Levels and Their Respective Variables 

Structural 

Level 

Level Name Variables 

1 Digital Economy and Society 

Index 

DESI score 

2 Dimension Human capital 

Connectivity 

Integration of digital technology 

Digital public services 

3 Subdimension Internet user skills 

Advanced skills and development 

Fixed broadband take-up 

Fixed broadband coverage 

Mobile broadband 

Broadband prices 

Digital intensity 

Digital technologies for businesses 

E-commerce 

E-government 

4 Individual contributor See table A-1 in appendix A 
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Table 8. List of Dimensions and Their Respective Weights in DESI Score (European 

Commission, 2022) 

Dimension Weight 

Human Capital 25% 

Connectivity 25% 

Integration of Digital Technology 25% 

Digital Public Services 25% 
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Table 9. List of Subdimensions and Their Respective Weights in Dimension 

(European Commission, 2022) 

 

 

 

  

Dimension Subdimension Weight 

Human Capital 
  

 
Internet User Skills 50% 

 
Advanced Skills and Development 50% 

Connectivity 
  

 
Fixed Broadband Take-up 25% 

 
Fixed Broadband Coverage 25% 

 
Mobile Broadband 40% 

 
Broadband Prices 10% 

Integration of Digital Technology 
  

 
Digital Intensity 15% 

 
Digital Technologies for Business 70% 

 
E-Commerce 15% 

Digital Public Services 
  

 
E-Government 100% 
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3.4.5 Training and Testing Split 

Training and testing datasets are pivotal components within machine learning, each 

serving a distinct yet indispensable role. While the training data is essential for imparting 

knowledge to a machine learning algorithm, the testing data assumes the crucial role of 

assessing the algorithm's progress during its training phase, facilitating necessary 

adjustments or optimizations to enhance its performance. When assembling the data for 

algorithm training, it is necessary to reserve a portion of the data for assessing the training's 

effectiveness. Therefore, our dataset was divided into two segments, one designated for 

training purposes and the other for testing (Zabolotnyy, n.d.). 

In the case of models derived from regression analysis and decision trees, we 

employed k-fold cross-validation. This technique is widely used in practical machine 

learning to estimate a model's performance on unseen data. Essentially, it leverages a 

limited sample to project the model's anticipated performance on data that was not part of 

its training process. K-fold cross-validation is favored for its simplicity and tendency to 

yield less biased or overly optimistic performance estimates compared with other methods 

like a simple train/test split. It entails the random division of the dataset into k subsets or 

folds, with one fold serving as a validation set while the model is trained on the remaining 

k−1 folds (Brownlee, 2018). The figure below delineates the life cycle of k-fold cross-

validation. 
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Figure 6. K-fold cross-validation process (Pandian, 2022) 

For instance, in the scenario of k = 5 in the given dataset, we segment it into five 

folds for training and testing iterations. During each iteration, one fold is designated for 

testing, while the others are utilized for training. The below pictorial representation 

illustrates the flow of this fold-defined approach. In each iteration, an accuracy score is 

computed and subsequently aggregated to determine the mean. This process illuminates 

the consistency of data distribution and aids in concluding the viability of moving the 

model to production (Pandian, 2022). 
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Figure 7. Fivefold cross-validation example (Pandian, 2022) 

It is essential to acknowledge that excessive reliance on a large portion of the data 

for training can lead to memorization of the training data. To mitigate this risk, it is 

advisable not to allocate more than 90% of the samples for training purposes (Uçar et al., 

2020). Accordingly, in this study, we adopted and compared three cross-validation 

techniques, tenfold, fivefold, and threefold, to identify the optimal model that strikes an 

appropriate balance between underfitting and overfitting. 

 

3.4.6 Feature Preparation and Selection 

An examination of the dataset was conducted to identify potential feature 

enhancements based on the available data. Subsequently, the following features were 

introduced: 

• Northern: Assigned a value of 1 if the country fell within the northern region 

of the EU; otherwise set to 0. 

• Southern: Assigned a value of 1 if the country fell within the southern region 

of the EU; otherwise set to 0. 

• Eastern: Assigned a value of 1 if the country fell within the eastern region 

of the EU; otherwise set to 0. 
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• Western: Assigned a value of 1 if the country fell within the western region 

of the EU; otherwise set to 0. 

After preprocessing and incorporating these features into our data, we performed 

an extensive assessment covering various aspects, such as the following:  

• Computation of descriptive statistics, including mean, median, standard 

deviation, minimum value, and maximum value. 

• Examination of indications of multicollinearity, signifying situations where 

two or more independent variables exhibit a notable correlation with each 

other. This was conducted through a combination of stepwise regression 

technique and the manual exclusion of variables exhibiting high variance 

inflation factor (VIF) values. 

• Evaluation of potential vulnerabilities, particularly regarding the possible 

inflation of GDP per capita values. 

• Assessment of the quality and quantity of available data. 

Features deemed to have limited predictive value were subsequently removed from 

the dataset utilized for machine learning model inputs. The list of chosen features for 

multiple linear regression, along with their respective variable names and definitions, can 

be found in table A-1 of appendix A. 
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3.5 Method Selection 

 

3.5.1 Selection for Correlation Analysis 

The most prevalent techniques for conducting correlation analysis are the Pearson 

and Spearman methods. In chapter 2, we comprehensively investigate the prerequisites, 

underlying assumptions, advantages, and other facets associated with these methods. 

Having a thorough understanding of these aspects, Pearson and Spearman emerged as 

suitable options for application to our dataset. 

 

3.5.2 Selection for Group Comparison 

As explained in chapter 2, the t-test and ANOVA are two widely utilized methods 

for group comparison. However, the applicability of the t-test diminishes when handling 

more than two samples. Given the focus of our current study on discerning distinctions 

among four distinct European regions, the ANOVA method emerged as the most suitable 

analytical approach. 

 

3.5.3 Selection for Machine Learning 

In machine learning, the choice of algorithm plays a pivotal role in effectively 

solving data problems. Data scientists consistently emphasize that there is no one-size-fits-

all algorithm capable of solving all problems. The choice of algorithm hinges on the 

specific problem at hand, encompassing factors such as the problem's nature, the number 

of variables involved, and the most suitable model type, among other factors (Mahesh, 

2020). Given that our objective revolves around forecasting and predicting GDP per capita, 



56 

 

we opted to employ regression analysis algorithms. Our research in chapter 2 shows that 

the two most suitable algorithms for this purpose are multiple linear regression and decision 

trees. 

 

3.6 Methodology Performance Evaluation 

For correlation analysis, the correlation coefficient (r) was used to examine the 

relationship between GDP per capita and different technological dimensions. The higher 

the r value, the stronger the correlation would be. Our goal was to identify the dimension 

with the highest r value. 

Regarding group comparison, the null hypothesis is that all the means are the same, 

while the alternative hypothesis states that two or more means are statistically different 

from the others. The selected alpha level was set at 0.05. Should the computed p-value fall 

below 0.05, we would reject the null hypothesis, signifying the presence of statistically 

significant variations in technology levels across distinct European regions. 

In the context of machine learning, the literature research (chapter 2) indicates that 

the coefficient of determination (also known as R-squared, or R2) emerges as the most 

informative metric on many occasions and was thus adopted for assessing regression 

analyses in our study. 
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3.7 Conclusion 

In conclusion, this chapter has laid out a comprehensive methodology for exploring 

the technological landscape within the EU and establishing a quantifiable framework for 

shaping digital policies. The chapter commenced with correlation analysis, which allowed 

us to dissect the intricate relationship between GDP per capita and a spectrum of 

technology-related variables. Subsequently, we employed group comparison techniques to 

assess potential disparities in the progress of digital transformation among member states 

of the EU. Finally, we harnessed the power of machine learning algorithms to construct a 

predictive model, facilitating the forecasting of GDP per capita within the context of 

various technological domains. 

This chapter has not only laid the groundwork for the subsequent analysis but has 

also highlighted the methodological rigor and strategic considerations that underpin our 

aim to unravel the EU's technological landscape and its implications for digital policy 

formulation. The ensuing chapters further elaborate the findings and contribute to a 

nuanced understanding of the subject matter at hand. 
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Chapter 4—Results 

 

4.1 Introduction 

This chapter presents the comprehensive findings of our extensive study, which 

examines the correlation between technology and economic performance, identifies 

regional variations in digital transformation, and creates a predictive model to optimize 

digital investments for economic prosperity. Employing several statistical methodologies, 

we conducted a correlation analysis and group comparison, harnessing the power of 

machine learning. Specifically, we leveraged the Pearson and Spearman methods for 

correlation analysis, the analysis of variance (ANOVA) for group comparison, and the 

multiple linear regression and decision tree algorithms for machine learning. 

 

4.2 Data Preprocessing 

A consolidated dataset was generated by merging two smaller datasets, a process 

outlined in chapter 3. Following this consolidation, an extensive data preparation and 

cleansing process ensued, involving standardization, filtration, refinement, and alignment, 

among other procedures. These steps culminated in the creation of a reduced dataset, which 

was subjected to further examination through the lens of descriptive statistics. This enabled 

the identification of any potential data-related anomalies or unreliable features 

necessitating rectification. Given the dataset’s substantial number of features, this 

descriptive statistics phase was iteratively conducted across various structural levels. 
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4.2.1 DESI and Dimension 

Firstly, our examination focused on gross domestic product (GDP) per capita 

alongside structural levels 1 and 2, denoting the Digital Economy and Society Index 

(DESI) level and the dimension level, respectively. Our observations revealed that all 

technology-related variables exhibited a normal distribution, while the GDP per capita 

variable displayed a bimodal pattern. This dual-peaked structure in GDP per capita findings 

is consistent with earlier studies, exemplified by Pyka, Krüger, and Cantner (2003), who 

emphasized that disparities in countries' capacities to enhance their technological 

performance could result in a distinct division between technologically advanced nations 

and those trailing behind. This observation resonates with the findings presented in chapter 

2, which revealed that not all European Union (EU) member states demonstrate equivalent 

proficiency in accomplishing digital transformation. Therefore, the bimodal distribution of 

GDP per capita does not signify data irregularities but instead signals the potential for 

intriguing avenues of exploration in our forthcoming analyses. Furthermore, no extreme 

outliers were detected that could potentially compromise future analyses and thus warrant 

their removal. The descriptive statistics table and histograms are provided below. 
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Table 10. Descriptive Statistics of DESI and Dimensions 
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Figure 8. Histograms of values and frequencies of DESI and all dimensions 
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4.2.2 Subdimension 

Next, we examined structural level 3, designated as the subdimension level. 

Inspecting the descriptive statistics revealed no noteworthy outliers, obviating the need for 

any data point removal. Most of the variables displayed a normal distribution. In sum, no 

further alterations were deemed necessary for the subdimensional data. The descriptive 

statistics table and select histograms are presented below, with additional visualizations 

featured in appendix B. 

Table 11. Descriptive Statistics of All Subdimensions 
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Figure 9. Histograms of values and frequencies of all subdimensions 
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4.2.3 Individual contributors 

Finally, we investigated the data at the individual contributor level. No prominent 

irregularities were evident that would necessitate immediate adjustments. The data 

appeared conducive to statistical analysis in its current state. Below are the descriptive 

statistics table and a selection of histograms; additional visual representations are included 

in the appendix. 
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Table 12. Descriptive Statistics of Individual Contributors 
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Figure 10. Histograms of values and frequencies of key individual contributors 
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4.3 Research Questions, Hypotheses, and Results 

4.3.1 Research Question 1 

RQ1: Which technological dimension creates the most impact on a country’s 

economic performance? 

H1: The integration of digital technology is the most impactful dimension of GDP 

per capita. 

 To address our first research inquiry, identifying the technological dimension that 

exerts the most significant influence on a nation's economic performance, we employed 

Pearson correlation and Spearman correlation analyses to assess the relationships between 

GDP per capita and each dimension. Both the Pearson and Spearman outcomes revealed a 

positive correlation between all dimensions and GDP per capita. Notably, the integration 

of digital technology (IDT) dimension exhibited the highest r values, 0.768 and 0.776, 

respectively, surpassing the threshold for a high correlation as established in chapter 2. 

Furthermore, the presence of low p-values confirmed the statistical significance of these 

correlations. Thus, the hypothesis that IDT has the most substantial impact on GDP per 

capita was validated. 

An alternative way to assess the impact of various dimensions involved evaluating 

the coefficient table derived from the multiple linear regression. We could see that the top 

two and bottom two variables were associated with the IDT dimension. This supplementary 

evidence further bolstered our claim regarding IDT and its strong influence on GDP per 

capita. Further discussion of this result is presented in section 5.1. 

 

 



75 

 

Table 13. Pearson Correlation between GDP per Capita and Technology Variables 

 

 

 

 

 

 

 

 

  

 

 

Variables r p 

Digital Economy and Society Index 0.573 0.000 

Human Capital 0.739 0.000 

Connectivity 0.388 0.000 

Integration of Digital Technology 0.768 0.000 

Digital Public Services 0.545 0.000 
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Table 14. Spearman Correlation between GDP per Capita and Technology 

Variables 

 

 

  

 

 

 

 

 

 

 

 

Variables r p 

Digital Economy and Society Index 0.684 0.000 

Human Capital 0.731 0.000 

Connectivity 0.326 0.000 

Integration of Digital Technology 0.776 0.000 

Digital Public Services 0.589 0.000 
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Table 15. Results of Multiple Linear Regression Ordered by Coefficient Values 

Term Coef SE Coef T-Value P-Value VIF 

desi_idt_ai 353766 40856 8.66 0 2.69 

desi_idt_socmed 220886 32710 6.75 0 3.29 

desi_mbbtu 89933 22677 3.97 0 4.55 

desi_hc_ictspec 85093 13931 6.11 0 3.9 

desi_idt_eis 54421 28993 1.88 0.063 2.35 

desi_idt_einv 52636 22719 2.32 0.022 2.03 

Western 10525 1208 8.71 0 2.55 

Northern 4421 1133 3.9 0 2.56 

Constant 2590 2649 0.98 0.33   

desi_dps_psbiz -26489 7539 -3.51 0.001 2.23 

desi_dps_egovuser -42378 19666 -2.15 0.033 3.24 

desi_idt_bigdat -98946 27715 -3.57 0 2.06 

desi_idt_ictsust -225496 27568 -8.18 0 1.44 
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4.3.2 Research Question 2 

RQ2: Does the digital transformation rate vary among different regions of Europe? 

H2: Western European countries are better at digital transformation than their 

Eastern European counterparts. 

Null Hypothesis: The means of DESI scores for all regions are equal. 

Alternative Hypothesis: Not all means of DESI scores for all regions are equal. 

The second research question aimed to explore whether disparities exist in the rate 

of digital transformation across different European regions. All EU nations were 

categorized into four distinct regions, as mentioned in chapter 3. The null hypothesis and 

alternative hypothesis are listed above. The outcomes of the ANOVA analysis yielded a p-

value below the significance threshold of 0.05, prompting the rejection of the null 

hypothesis. This rejection signified that, indeed, the rate of digital transformation differs 

among regions of Europe. Specifically, the order of digital transformation rates from 

highest to lowest corresponded to the northern, western, southern, and eastern regions. This 

result aligned with our hypothesis, affirming that Western European nations excel in digital 

transformation compared with their Eastern European counterparts. 
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Table 16. ANOVA of DESI Score of European Regions 
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Figure 11. Interval Plot of DESI Score of European Regions 

 

4.3.3 Research Question 3 

RQ3: Is there a relationship between a country’s digital government services and 

its economic performance?  

H3: A country has a higher GDP per capita as it improves its digital government 

services. 

Null Hypothesis: The means of all regions are equal. 

Alternative Hypothesis: Not all means of all regions are equal. 

In response to the third research question, which was to discover whether there is a 

relationship between a country’s digital government services and its economic 

performance, a correlation analysis was implemented. An examination of the Pearson and 

Spearman test results revealed noteworthy findings. The correlation coefficient values for 
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Pearson and Spearman were 0.545 and 0.589, respectively. Referring to table 2 in chapter 

2, both coefficients indicated a noticeable positive correlation between a nation's digital 

government services and its GDP per capita. Moreover, the low p-values of 0 confirmed 

the statistical significance of these results. 

 

Table 17. Correlation Analysis Results of Digital Public Services versus GDP per 

Capita 

Variable Pearson Spearman 

r p r p 

Digital Public 

Services 

0.545 0.000 0.589 0.000 

 

4.4 Machine Learning Results 

In addition to answering the three research questions, another goal of this study was 

to create a mathematical formula that can forecast the GDP per capita of a nation based on 

its technology-related variables. This knowledge can help policymakers and other relevant 

stakeholders in strategic digital investment planning. 

 

4.4.1 Model Training and Validation 

The multiple linear regression and decision tree models were trained and validated 

using the parameters explained in chapter 3. The results are shown below. 
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4.4.2 Multiple Linear Regression Results 

The increase in R-squared values, from the DESI to individual contributors, 

demonstrates that a greater proportion of GDP per capita can be predicted using the 

variables as we delve deeper into the data layers. At the deepest data level, the R-squared 

value on test data shows that 91.21% of GDP per capita is accounted for by the predictors 

with this model. The examination of the coefficients table indicates a reasonable choice of 

12 predictors, each demonstrating a satisfactory p-value below 0.1 and an acceptable 

variance inflation factor (VIF) value below 5, alleviating concerns about multicollinearity 

in this model. Furthermore, the similarity between the R-squared values derived from 

training data (92.92%) and test data (91.21%) attests to the model's adeptness in avoiding 

overfitting. While some unusual observations were detected, they were relatively 

infrequent, and the model still shows a solid R-squared value. More details of the results 

can be found in appendix B. 

 

Table 18. R-squared Values for Multiple Linear Regression 

Regression Analysis  
Digital 

Economy and 
Society Index 

Dimension Subdimension Individual 
Contributor 

 
Training Test Training Test Training Test Training Test 

Tenfold 46.85 45.02 64.93 62.26 74.12 71.25 92.92 90.77 

Fivefold 46.85 44.48 64.93 61.26 74.12 69.37 92.92 91.21 

Threefold 46.85 43.54 64.93 61.65 74.12 69.13 92.92 90.53 
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Table 19. Fivefold Multi Linear Regression Results 
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4.4.3 Decision Tree Results 

The decision tree algorithm proves to be an inferior GDP per capita predictor 

relative to the multiple linear regression algorithm. Similar to the latter, the deeper the layer 

of data, the more GDP per capita can be predicted using the variables, as indicated by 

higher R-squared values. The best R-squared values for training and testing are 87.55% 

and 82.83%, respectively. This signifies that 82.83% of GDP per capita is accounted for 

by individual contributors using this model. Additional details of the results can be found 

in appendix B. 
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Table 20. R-Squared Values for Decision Tree 

Decision Tree  
Digital Economy 

and Society 
Index 

Dimension Subdimension Individual 
Contributor 

 
Training Test Training Test Training Test Training Test 

Tenfold 49.28 39.62 61.33 56.09 80.35 56.80 90.16 81.99 

Fivefold 49.28 35.55 61.33 50.17 77.51 50.27 89.10 82.29 

Threefold 49.28 36.77 68.55 52.08 64.28 51.26 87.55 82.83 

 

Table 21. Threefold Decision Tree Results 
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Figure 12. R-squared versus Number of Terminal Nodes Plot for Decision Tree 

Figure 13. Optimal Decision Tree Diagram 
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4.5 Conclusion 

  In conclusion, the findings presented in this chapter have successfully addressed 

the research objectives, providing comprehensive responses to our research questions and 

robustly supporting our hypotheses. Our extensive examination encompassing the 

interaction between technology and economic performance via correlation analysis, the 

identification of regional disparities in group analysis, the analysis of the relationship 

between government digital services and financial progress, and the creation of a predictive 

model for enhancing digital investments collectively contribute to an in-depth 

comprehension of the intricate interplay within these pivotal domains. These results build 

a firm foundation for the subsequent discussions and implications, guiding the way for 

informed decision-making in technology and economic advancement. 
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Chapter 5—Discussion and Conclusions 

 

5.1 Discussion 

 

5.1.1 Discussion of Hypothesis 1 

H1: The integration of digital technology (IDT) is the most impactful dimension of 

gross domestic product (GDP) per capita. 

Our statistical analysis reveals that the strongest correlation is between the effective 

deployment and utilization of information and communications technology (ICT) and GDP 

per capita. This outcome underscores the importance of fostering a connected ecosystem 

where all stakeholders can optimally function in the long term. Recognizing this 

correlation, it is critical for governments and organizations to allocate resources toward 

initiatives that facilitate the seamless integration of digital technology across various 

sectors. This could involve investments in technology adoption, comprehensive training 

programs, and infrastructure development. 

 

5.1.2 Discussion of Hypothesis 2 

H2: Western European countries are better at digital transformation than their 

Eastern European counterparts. 

Our results confirm the hypothesis, providing robust statistical evidence of 

disparities in digital transformation rates across European regions. This divergence 

concerns the European Union (EU), emphasizing the need for collaborative efforts among 
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policymakers at various levels, from municipal to national and continental, to bolster 

technological advancement in Eastern European countries. This may entail adjustments in 

budget allocations, focusing on initiatives such as bolstering ICT infrastructure, 

incentivizing companies to adopt new technologies, fostering collaborative projects, and 

promoting knowledge-sharing programs. 

 

5.1.3 Discussion of Hypothesis 3 

H3: A country has a higher GDP per capita as it improves its digital government 

services. 

Our findings affirm this hypothesis, underscoring the positive correlation between 

digital government services and GDP per capita. E-government's ultimate objective is to 

provide an enhanced portfolio of public services efficiently and cost-effectively to citizens. 

Its implementation can also foster improved communication between the government and 

business sectors, cultivating an open and transparent market and a more robust economy. 

E-government is not merely a consequence of the digital revolution; it yields tangible 

benefits for governments, citizens, the private sector, and all other government 

stakeholders (AO-ITC, 2019). With this correlation in mind, every European nation should 

invest in user-friendly, accessible, and efficient online public services. 

 

5.1.4 Discussion of Predictive Model 

Utilizing the predictive formula derived from the multiple linear regression method, 

it is evident that certain technological variables positively impact GDP per capita, while 

others have a negative effect. 
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Variables that have the most positive impact on GDP per capita include enterprises 

utilizing any artificial intelligence (AI) technology, enterprises using two or more social 

media platforms, the number of mobile data subscriptions per 100 people, the employment 

of ICT specialists, and enterprises that have used enterprise resource planning software. 

Notably, they all contribute to enhancing efficiency and productivity within workflow 

processes. This aligns with the earlier confirmed hypothesis that the integration of digital 

technology is the most influential dimension. It emphasizes that the focus should not solely 

be on acquiring the latest technologies but also on utilizing them in the most efficient 

manner to enhance productivity. Consequently, policymakers, industry leaders, and 

decision-makers should prioritize technology investments that boost productivity. 

On the contrary, there are variables that, when increased, tend to decrease GDP per 

capita, including ICT for environmental sustainability, enterprises analyzing big data, and 

the number of E-government users. These results may be misleading as these technologies 

often demand significant initial investments. For example, transitioning from on-premises 

to cloud computing can result in an approximately 30% rise in cost (Gillin, 2023). 

However, these technologies can recover their initial costs and provide numerous benefits 

over time, even though sufficient data to demonstrate their long-term economic advantages 

is currently limited. While these technologies may require substantial early expenses, their 

long-term potential makes them worthwhile areas for investment. 
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5.2 Contributions to Body of Knowledge  

This doctorate praxis makes several contributions to the engineering management 

discipline, specifically digital investment optimization. These contributions are expected 

to advance our understanding of the complex interplay among digital transformation, 

economic growth, technological innovation, and corporate value creation. The key ones 

are outlined as follows: 

Comprehensive Understanding of the Digital Landscape: By identifying 

technological disparities across member states, this study provides crucial insights for 

policymakers to effectively target interventions and bridge gaps in technological 

advancement. 

Quantification of Digital Transformation Impact on the Economy: Understanding 

the direct correlation between digital investments and economic growth empowers 

stakeholders to set realistic targets and measure the effectiveness of their policies and 

initiatives. 

Advanced Predictive Model for Resource Allocation: By harnessing the power of 

big data analytics and machine learning techniques, this model enables predictions 

regarding the outcomes of digital investments. This contribution equips decision-makers 

with a powerful tool to optimize digital investment allocations and maximize GDP per 

capita. 

Suggested Actions: The provision of suggested actions based on the findings 

bridges the gap between research and practical application. This contribution provides a 

clear pathway for implementing the research outcomes, ensuring that the knowledge 
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generated is applied effectively to enhance digital investment and foster economic growth 

in the EU. 

 

5.3 Recommendations for Future Research 

The research directions explored in this doctorate praxis have highlighted critical 

aspects of digital transformation in the context of the EU. As we move forward, several 

avenues for further investigation emerge, which can enrich our understanding and provide 

valuable insights for policymakers, researchers, and industry leaders: 

Customized Models for Each EU Member States: Develop distinct models for 

individual nations when data becomes sufficient, addressing the inherent diversity among 

countries and enabling national governments to allocate budgets at the domestic level 

strategically. 

Long-Term Economic Resilience: Conduct a longitudinal study to assess the 

evolution of the EU's economic resilience in the face of external shocks and crises over an 

extended period, providing insights into the sustainability of the impact of digital 

transformation. 

Data Privacy and Security: Explore the behavioral aspects of data privacy and 

security, including user perceptions, trust dynamics, and the effectiveness of policies in 

shaping privacy-conscious behavior. 

Technological Trends: Investigate the readiness of the EU workforce to adapt to 

emerging technological trends and how investments in digital education and training 

impact the dynamics of digital transformation. 



93 

 

International Comparisons: Conduct in-depth case studies of select countries or 

regions with successful digital transformation initiatives and compare them with the EU, 

garnering a deeper understanding of best practices and challenges. 

 

5.4 Conclusions 

This research examined the complex relationship between technology and 

economic performance in the EU. As the digital era continues to reform economies and 

societies, it is crucial to reflect on the lessons learned and their implications for Europe's 

digital future. 

Firstly, it is apparent that technology plays an essential role in shaping economic 

performance. This realization should serve as a wake-up call for policymakers and industry 

leaders to acknowledge the power of technology and allocate resources wisely. Moreover, 

our findings emphasize the significance of IDT when planning and executing digital 

transformation projects. By prioritizing the seamless integration of digital technology 

across sectors, decision-makers can maximize the positive impact on GDP per capita. Next, 

the disparities among regions regarding digital transformation progress cannot be ignored. 

Bridging this gap not only aligns with the EU's commitment to unity and progress but also 

ensures that all member states can fully participate in the digital revolution. Furthermore, 

enhancing digital government services has been shown to positively correlate with 

economic growth. Lastly, our work on predictive modeling has unveiled the possibility of 

forecasting the impact of digital transformation on GDP per capita. By identifying the 

variables that positively influence economic performance, we empower decision-makers 

with a tool to make data-driven choices and optimize their digital strategies. 
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In conclusion, this doctoral praxis emphasizes the pivotal role of technology in 

driving economic growth and transformation. It is imperative for governments, enterprises, 

and communities to embrace these revelations and embark on a collective voyage that is 

not solely characterized by prosperity but also marked by fairness, inclusivity, and 

sustainability. The EU's digital future holds many opportunities, and these insights lay the 

groundwork for envisioning a future where technology empowers all. 
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Appendix A: Data 

 

 

Figure A-1. Raw Data example 

 

Table A-1. List of all features with variable names and definitions 

Note: Chosen variables for multiple linear regression are in bold 

Structural 

Level 

Variable Definition Data Type 

1. DESI desi_total Digital Economy and Society 

Index 

Continuous 

2. 

Dimension 

desi_hc Human Capital Continuous 

2. Dimension desi_conn Connectivity Continuous 

2. 

Dimension 

desi_idt Integration of Digital 

Technology 

Continuous 
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2. 

Dimension 

desi_dps Digital Public Services Continuous 

3. Sub-

dimension 

desi_hc_bsu Internet User Skills Continuous 

3. Sub-

dimension 

desi_hc_asd Advanced Skills and 

Development 

Continuous 

3. Sub-

dimension 

desi_c_fbbtc Fixed Broadband Take-up Continuous 

3. Sub-

dimension 

desi_c_fbbc Fixed Broadband Coverage Continuous 

3. Sub-

dimension 

desi_c_mbb Mobile Broadband Continuous 

3. Sub-

dimension 

desi_c_bbpi Broadband Prices Continuous 

3. Sub-

dimension 

desi_idt_di Digital Intensity Continuous 

3. Sub-

dimension 

desi_idt_dtb Digital Technologies for Business Continuous 

3. Sub-

dimension 

desi_idt_ecomm E-Commerce Continuous 

3. Sub-

dimension 

desi_dps_egov E-Government Continuous 

4. Individual 

Contributor 

desi_5g 5G spectrum Continuous 

4. Individual 

Contributor 

desi_5gc Overall 5G coverage Continuous 

4. Individual 

Contributor 

desi_bbpi Broadband price index Continuous 

4. Individual 

Contributor 

desi_dps_egovuser E-Government users Continuous 
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4. Individual 

Contributor 

desi_dps_opendata Open Data Continuous 

4. Individual 

Contributor 

desi_dps_prefform Pre-filled Forms Continuous 

4. Individual 

Contributor 

desi_dps_psbiz Digital public services for 

businesses 

Continuous 

4. Individual 

Contributor 

desi_dps_pscit Digital public services for citizens Continuous 

4. Individual 

Contributor 

desi_fbbtc Fixed broadband take-up Continuous 

4. Individual 

Contributor 

desi_hc_bds At least basic digital skills Continuous 

4. Individual 

Contributor 

desi_hc_entict Enterprises providing ICT 

training 

Continuous 

4. Individual 

Contributor 

desi_hc_ictg ICT graduates Continuous 

4. Individual 

Contributor 

desi_hc_ictspec ICT specialists Continuous 

4. Individual 

Contributor 

desi_idt_ai Artificial intelligence Continuous 

4. Individual 

Contributor 

desi_idt_bigdat Big data Continuous 

4. Individual 

Contributor 

desi_idt_cloud Cloud Continuous 

4. Individual 

Contributor 

desi_idt_ecomturn E-Commerce turnover Continuous 

4. Individual 

Contributor 

desi_idt_einv E-Invoices Continuous 

4. Individual 

Contributor 

desi_idt_eis Electronic information sharing Continuous 
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4. Individual 

Contributor 

desi_idt_ictsust ICT for environmental 

sustainability 

Continuous 

4. Individual 

Contributor 

desi_idt_sellcb Selling online cross-border Continuous 

4. Individual 

Contributor 

desi_idt_smedi SMEs with at least a basic level 

of digital intensity 

Continuous 

4. Individual 

Contributor 

desi_idt_smeso SMEs selling online Continuous 

4. Individual 

Contributor 

desi_idt_socmed Social media Continuous 

4. Individual 

Contributor 

desi_mbbtu Mobile broadband take-up Continuous 

4. Individual 

Contributor 

desi_ufbbtu At least 100 Mbps fixed 

broadband take-up 

Continuous 

4. Individual 

Contributor 

desi_vhcnc Fixed Very High Capacity 

Network coverage 

Continuous 

4. Individual 

Contributor 

Eastern Country in the EU's eastern 

region 

Discrete 

4. Individual 

Contributor 

Northern Country in the EU's northern 

region 

Discrete 

4. Individual 

Contributor 

Southern Country in the EU's southern 

region 

Discrete 

4. Individual 

Contributor 

Western Country in the EU's western 

region 

Discrete 
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Appendix B: Statistical Results 
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Figure B-1. Histograms of values and frequencies of all Individual Contributors 

Figure B-2. Residual Plots for GDP per Capita 


