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Purpose – This research investigates the interplay between digital competitiveness and the 

attractiveness of countries for renewable energy, utilizing the "World Digital Competitiveness" 

scores (DCI) and "Renewable Energy Country Attractiveness" (RECAI) rankings. 

Design/methodology/approach – This study examines the relationships between the RECAI 

rankings and the dimensions of digital competitiveness indicated by the DCI scores, which are 

Technology, Knowledge and Future Readiness. The analyses are conducted separately for the 

years 2023 and 2024 by using correlation and regression analysis. The data set is limited to 32 

countries in 2023 and 36 countries in 2024. 

Findings – The correlation results show that Technology is significantly associated with RECAI 

ranking in 2023, whereas Knowledge and Future Readiness in 2024. In the 2023 regression 

model, although the overall model is significant, DCI dimensions have no statistically 

significant effect on RECAI ranking. In 2024, Future Readiness emerged as the only significant 

predictor, with higher scores associated with better RECAI positions, and the analysis of 2023-

2024 differences shows that differences in DCI scores cannot significantly explain differences in 

RECAI rankings. 

Discussion – The data set is limited and some statistical results which are in the borderline may 

change with a larger data set. Additional independent variables may help to increase the 

explanatory power of the model. 

1-INTRODUCTION 

Concerns about climate change are increasing worldwide, prompting countries to prioritize environmental 

issues to mitigate the effects of rising global temperatures. The 2015 Paris Climate Agreement highlighted the 

importance of collective efforts to combat climate change, aiming to limit global temperature increases 

compared to pre-industrial levels (Ali, 2021). The Agenda for Sustainable Development, approved by all 

United Nations Member States in 2015, provides a shared framework aimed at fostering peace and prosperity 

for the future through the attainment of the 17 Sustainable Development Goals (SDGs). Achieving these goals 

necessitates the creation and application of new and effective tools that consider current global trends, 

including digitalization and the incorporation of sustainable development into all market activities and 

sectors. This idea drives the world's transformation by promoting innovative strategies to tackle complex 

issues related to climate change, resource depletion, and social inequalities (U.N., 2024). By embedding 

sustainability into the design, development, and implementation of digital platforms, organizations can 

effectively reduce their ecological impact and promote beneficial environmental results (Malhotra, 2023).  

Contemporary manufacturing is a critical component of the global economy, yet it is also one of the sectors 

with the greatest environmental impact. Increasing production volumes and population growth have led to a 

significant rise in carbon emissions, waste generation, and energy consumption, creating substantial 

challenges, particularly in an era that demands sustainability. The widespread use of fossil fuels leads to a 

significant surplus of carbon dioxide emissions, exceeding the Earth's natural capacity to absorb them. This 
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phenomenon contributes to rising global temperatures, sea-level rise, and other critical sustainability 

challenges (Rizwanullah et al., 2024). Globally rising manufacturing activities foster higher energy 

consumption and carbon emissions throughout product life cycles, leading sustainable production to become 

a strategic priority for governments, industries, and international organizations. Artificial intelligence models 

are employed for energy consumption forecasting, and production scheduling optimization, while the digital 

twin provides continuous synchronization between physical manufacturing assets and their virtual 

counterparts (Punna et.al., 2026). The advancement of technologies like digital twins, and the Internet presents 

significant opportunities to enhance efficiency and support the transition to more sustainable manufacturing 

methods (Setyadi et al., 2025). By continuously synchronizing data between physical and virtual 

environments, digital twins enable manufacturers to simulate operational scenarios, predict system behavior, 

and optimize production performance before implementing physical changes. When combined with artificial 

intelligence, digital twins become powerful decision support tools capable of identifying inefficiencies, 

forecasting energy consumption, and recommending sustainability-orientated interventions in real 

time (Punna et al. 2026). These improvements allow engineers to perform “what-if” simulations on the digital 

twin to optimize operations, predict failures, and refine designs long before changes are implemented. For 

instance, if a manufacturer is considering altering a production line layout or adjusting machine settings, they 

can simulate these changes on the digital twin to assess their impact on efficiency, productivity, and potential 

failure points. This predictive capability not only enhances operational optimization but also significantly 

reduces downtime and maintenance costs by identifying issues before they manifest in the physical system. 

This iterative approach allows for continuous improvement and innovation, ultimately leading to more 

efficient production systems and higher-quality products (Görtz, 2026). Technological improvements and 

digital competitiveness are highly affected by regional regulations. Enhanced transparency and accessibility 

in regulatory processes build investor confidence, facilitating quicker project implementations. Effective 

regulatory frameworks reduce bureaucratic obstacles, enabling smoother operations in the renewable energy 

sector. Additionally, digital tools can help streamline compliance and reporting processes, further attracting 

investments by minimizing risks associated with regulatory uncertainties (Yang et. al., 2024). 

The Resource-Based View presents a significant theoretical framework for understanding how 

environmentally oriented resources and capabilities can provide sustainable competitive advantages through 

their strategic interactions with both built and natural environments. However, the applications of this 

framework have primarily remained focused on firm-centric and efficiency-driven approaches, emphasizing 

the internal capabilities of firms to effectively utilize resources for competitive gain. Scholars are increasingly 

advocating for the integration of biodiversity into business strategies, not merely as a resource to be 

compensated for, but as a dynamic and regenerative asset. By considering businesses as major consumers of 

natural resources, this perspective expands the underlying assumptions of Natural Resource-Based View 

shifting from a firm-centric view of resource management to a relational, ecosystem-based understanding, 

where biodiversity influences strategy through its material, regulatory, and landscape-level dynamics (You 

et. al., 2025). 

 In this context, it is expected to associate a common objective belief that an effective energy transition is being 

realized, with renewable energy replacing fossil energy. However, since the 2008 financial crisis, many 

economies are still exploring diverse energy development models for economic growth, and the integration 

level of renewable energy is falling short of expectations (Yang et al., 2024). Digital competitiveness plays a 

crucial role in enhancing the attractiveness of renewable energy investments through various mechanisms. As 

mineral and energy resources become increasingly difficult to access, increased technology will be required to 

continue to achieve the same production levels that these industries have historically achieved (Hanga and 

Kovalchuk, 2019; Perrons and Jensen, 2015; Clifford et al., 2018). One of the primary mechanisms is the capacity 

for knowledge generation, which enables better data collection and analysis. This capability allows investors 

to make informed decisions based on accurate information and fosters innovation in renewable energy 

technologies, ultimately leading to improved efficiency and reduced costs. Additionally, a digitally skilled 

workforce is essential for the renewable energy sector's evolution, as it ensures that employees possess the 

necessary technical and creative skills to address emerging challenges (Liu et al., 2025). The development of 

wider regions reliant on the energy sector creates an ongoing demand for a workforce that is not only 

technically sufficient but also creative and adaptable to new challenges. This demand extends to the need for 

specialists in digital technologies, underscoring the importance of skills in sustainability and environmental 
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management that intersect with the energy sector’s digital and renewable transformation (Kuzmin et. al., 

2024). 

Rooted in the theory of dynamic capabilities, strategic potentials related to digitalization and Artificial 

Intelligence facilitate optimization, serve as crucial precursors that bolster a firm's capacity to identify 

sustainability-related opportunities, capitalize on emerging market trends, and adapt marketing systems in 

response to changing sustainability requirements. This approach identifies organizational sustainability 

capability as the primary mediating factor, illustrating how insights and process driven by digitalization are 

transformed into sustainability-focused strategic practices that enhance long-term competitiveness (Htet et. 

al., 2026). 

While there is substantial research on renewable energy policies and the effects of digitalization on energy 

security, sustainability, and equity, there has been insufficient focus on how these factors are interconnected 

within regional contexts. The challenges associated with the energy transition are multifaceted, encompassing 

financial, regulatory, and infrastructural obstacles that necessitate integrated approaches, along with strategies 

for incorporating Sustainable Development Goals and productive solutions (Ha and Kumar, 2021). Even if 

digital competitiveness is maintained, the attractiveness of the renewable energy investments necessitates 

additional factors such as, demand for energy, policy stability and the variety of natural resources. Digital 

competitiveness reflects the capacity of economic actors to develop, adopt, and effectively utilize new 

technologies, while the attractiveness of renewable energy investments is affected by interconnected factors 

such as technological innovation, regulatory capacity, business environment, and preparedness for the future. 

Therefore, examining the relationship between countries' levels of digital competitiveness and their 

international positions regarding renewable energy investments is important for understanding the potential 

connections between digital transformation and renewable energy transition (EY, 2024). 

This study aims to assess the impact of digital competitiveness on renewable energy investment and 

development opportunities, exploring the interrelationship between these two factors using two global indices 

which are, "World Digital Competitiveness Index" (DCI) and the "Renewable Energy Country Attractiveness 

Index" (RECAI) .This study addresses a significant gap in existing literature by exploring the interconnections 

between digital competitiveness and renewable energy investments within regional contexts. While previous 

research has extensively examined renewable energy policies and the impacts of digitalization on energy 

security, sustainability, and equity, there has been limited focus on how these factors interact and influence 

each other in specific geographical settings. The study comparatively examines the relationships between 

countries' Renewable Energy Country Attractiveness Index (RECAI) rankings and the dimensions of digital 

competitiveness: Knowledge, Technology, and Future Readiness for the years 2023 and 2024 by using 

correlation and regression models. The study aims to assess whether countries' current levels of digital 

capacity and short-term changes in digital capacity yield different outcomes in terms of the attractiveness of 

renewable energy investments. The research is expected to offer a practical framework for assessing the impact 

of digital competitiveness on renewable energy investments which can be employed by businesses and 

investors to evaluate potential opportunities in different markets. This study not only contributes to the 

theoretical understanding of the interplay between digital competitiveness and renewable energy investment 

by applying the dynamic capabilities approach but also provides actionable insights for practitioners and 

policymakers, ultimately promoting a more sustainable and equitable energy future by identifying areas 

requiring improvement for enhanced sustainable energy implementation. 

The paper is structured as follows: Section 2 offers a comprehensive literature review both bibliographic 

network cluster analysis and the updated overview of the relevant literature sources. Section 3 describes the 

data used in this paper and describes the data collection and processing, as well as explaining some 

methodological issues and limitations of the study. Section 4 summarizes the findings of the study, section 5 

presents conclusions and recommendations, finally future study suggestions are given. 

2- LITERATURE REVIEW 

When listing the literature, studies in the field regarding the digital transformation of companies and shifts 

towards renewable energy implementation are reported as follows: 

Studies related to renewable energy consumption and governance mechanisms both political and institutional; 
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Asongu and Odhiambo (2022), investigated the relationship between governance and renewable energy 

consumption in Sub-Saharan Africa. The findings indicate that both political and institutional governance are 

negatively correlated with renewable energy consumption in the countries studied. The study emphasizes the 

importance of accurately measuring governance indicators to prevent confusion between effective and 

ineffective governance. 

Makpotche et al. (2024) concluded that effective governance mechanisms have a positive influence on 

renewable energy consumption. The study analyzed firm-level data from the Refinitiv Sustainable and 

Compustat databases, covering the years from 2002 to 2021. The findings provide evidence that various 

governance mechanisms significantly contribute to the transition toward renewable energy. These 

mechanisms include having a sustainability committee, implementing environmental, social, and governance 

(ESG) compensation policies, linking compensation to financial performance, conducting external 

sustainability audits, ensuring transparency, promoting gender diversity on boards, and maintaining board 

independence. 

Velte (2025) conducted a comprehensive literature review that encompassed one hundred quantitative, peer-

reviewed empirical studies examining the impact of gender diversity, sustainability board committees, 

sustainability-linked executive compensation, and sustainable institutional investors on carbon performance, 

reporting, and assurance. The review asserts that board gender diversity, as a key corporate governance factor, 

is positively associated with carbon reporting and performance.  

Firm level studies regarding the impact of digitalization on renewable energy integration by considering size 

and ownership structure effects, consumption amount, collaboration and human capital metrics; 

Rani and Haris (2024) conducted a study that explored how small and medium-size enterprises (SMEs) are 

adopting ESG (Environmental, Social, and Governance) practices in support of sustainable energy initiatives. 

Although larger corporations have made substantial investments to align with ESG principles, small and 

medium-size enterprises face challenges such as limited resources, a lack of expertise, and weaker regulatory 

compliance requirements, which impede their progress in integrating these practices. 

Ren et al. (2023) conducted research that focused on publicly traded renewable energy companies in China 

from 2008 to 2021. The study concluded that the impact of digital transformation on the performance of these 

companies can differ based on factors such as ownership structure, geographic location, and company size. In 

particular, the effects of digital transformation on corporate performance are more significant in state-owned 

enterprises (SOEs) and larger companies. 

Zhao et al. (2021) studied China’s digital transformation in renewable power systems. The findings showed 

that digital transformation enhanced the efficiency of renewable energy usage.  

Sahebi et al. (2025) conducted a literature review. The study's results highlight the importance of researchers 

embracing interconnected theoretical frameworks that consider the enabling and reinforcing impacts of 

different AI capabilities, along with the organizational and managerial factors that affect successful digital 

implementation. 

Ezeanochie et al. (2021) created a model for the industry. The study concluded that the renewable energy 

industry needs to foster collaboration throughout the value chain to fully leverage the advantages of digital 

transformation. Alliances among manufacturers, technology suppliers, and regulatory agencies can accelerate 

the implementation of innovative solutions and ensure adherence to sustainability standards. 

Kuzmin et al. (2024) address how investments in human capital influence the innovation and digital 

competitiveness of energy firms, which may drive the renewable energy transition, specifically concentrating 

on the Russian energy sector. The results not only emphasize the critical importance of human capital in the 

energy sector's transition but also propose policy initiatives to effectively facilitate this transformation. 

Some of the studies focus on firm level economic efficiency and capital investment requirements as given 

below; 

Tumin et al. (2022) used data from the Skolkovo Energy Center at the Moscow School of Management and the 

Energy Research Institute of the Russian Academy of Sciences (RAS). The study concluded that a successful 
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shift to renewable energy sources can only occur if a favorable energy balance and positive economic efficiency 

in their utilization are achieved. 

Bogdanov et al. (2021) conducted research that claims the new sustainable energy system incorporates storage 

technologies, enhanced flexibility, and the production of synthetic fuels. Consequently, this requires 

substantial capital investments, which not only facilitates the establishment of a sustainable energy system but 

also enhances socio-economic welfare. 

Cao et al. (2024) conducted a study on two hundred enterprises globally. The implementation of digital twin 

technology (virtual simulation) has enhanced the return on investment (ROI) for businesses. Research 

indicates that companies utilizing digital twin technology in renewable energy projects achieve an average 

ROI of 18%, compared to just 13% for those that do not employ this technology. 

Country level studies; 

Hao and Shao (2021), investigate driving sources of renewable energy deployment in 118 countries. It is 

revealed that a country’s vulnerability to climate change and carbon intensity are mostly correlated with its 

renewable energy deployment. In contrast, the impact of carbon tax policy adoption is statistically 

insignificant. 

Elmassah (2023), had panel data analysis on 10 developed, 16 emerging countries for the period 1976-2018 to 

reveal short term and long-term renewable energy production determinants. The findings indicate a long-term 

elasticity between renewable energy (RE) and GDP in developed nations, along with short-term dynamics 

involving RE, oil prices, and CO2 emissions. In contrast, for emerging economies, there are long-term 

relationships observed between RE and GDP, CO2 emissions, and oil prices. 

Bingixin et. al. (2025) investigate the nonlinear relationship between digitalization and renewable energy 

consumption with particular focus on the role of human capital as a moderating factor in the Belt and Road 

countries The study's findings reveal that the relationship between renewable energy consumption and 

digitalization is very dynamic, leading to important implications for various areas, including energy policy, 

sustainable development initiatives, and advancements in technology and human capital. The study further 

highlights that Foreign Direct Investment is crucial for undertaking substantial renewable energy projects, 

especially in the absence of the necessary technical expertise or resources. 

Zuo and Ren (2025), study the impact of renewable energy consumption on digitalization by conducting a 

panel data analysis on Belt and Road countries. It is concluded that policies that encourage the integration of 

advanced technologies into energy systems could enhance the use of renewable resources and render energy 

grids more adaptable, flexible, and able to facilitate significant transitions toward more sustainable energy 

sources. 

Lin and Huang (2025), investigate the moderating impact of digitalization on renewable energy integration in 

the electricity sector of 33 countries for the period 2000-2019.  The results indicate that digitalization positively 

influences the integration of renewable energy, with the moderating effect being asymmetric. Digitalization 

has a moderate effect in developed countries, but no statistically significant results have been found in 

developing countries. 

In examining the literature, it becomes evident that a significant number of studies focus on digitalization and 

the transition to renewable energy, with diverse perspectives being addressed both theoretically and 

empirically. This study aligns existing literature but differentiates itself by examining the effect of 

digitalization on renewable energy investment attractiveness by using two global indexes that have broadened 

evaluation criteria. The indexes used for this research are the “World Digital Competitiveness Index” (DCI) 

and the “Renewable Energy Country Attractiveness Index” (RECAI). Data are collected for the years 2023 and 

2024 and analyzed using regression analysis and correlation matrix methods.  

3- RESEARCH METHODOLOGY 

This study is designed as a quantitative and comparative research based on secondary data. It examines the 

relationships between the Renewable Energy Country Attractiveness Index (RECAI) rankings, which 

represent the relative positions of countries in terms of renewable energy investments, and the dimensions of 

digital competitiveness indicated by the Digital Competitiveness Index (DCI). The analyses were conducted 
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separately for the years 2023 and 2024; subsequently, a difference model was created based on the ranking and 

digital competitiveness score differences of the same countries over the two years. The main dependent 

variables of the study are the RECAI rankings for the years 2023 and 2024. The independent variables are the 

World Digital Competitiveness Index indicators in the dimensions of Knowledge, Technology, and Future 

Readiness. In the model created based on the differences between 2023 and 2024, the RECAI rankings are used 

as the dependent variable, while the annual score differences in the three DCI dimensions are used as 

independent variables. The scores of DCI dimensions are used while rankings are used for RECAI since there 

is no normalized scores are available.  

Data Collection 

The RECAI rankings used in the research are obtained from the Renewable Energy Country Attractiveness 

Index 62 and Renewable Energy Country Attractiveness Index 63 reports published by Ernst and Young (EY). 

RECAI ranks the world's 40 most attractive markets in terms of renewable energy investment and project 

development opportunities. Both the 2023 and 2024 reports include a total of 40 countries/markets. 

The digital competitiveness data is sourced from the IMD World Digital Competitiveness Ranking reports. In 

the IMD reports, countries' digital competitiveness scores are evaluated across three main dimensions: 

Knowledge, Technology, and Future Readiness. The overall score documents indicate that 64 countries are 

included in the overall digital competitiveness ranking for 2023, and 67 countries for 2024. 

In the process of creating the dataset, countries listed in the RECAI reports were matched with corresponding 

countries in the DCI data based on country names. Variations in country names observed between the reports, 

such as "Turkey–Türkiye," "Taiwan, China–Taiwan (Chinese Taipei)," and "China Mainland–China," were 

standardized prior to analysis. Although there are 40 countries in the RECAI reports for both years, the 

analyses are limited to countries for which relevant DCI sub-dimension data is available due to the absence of 

data for some RECAI countries. Accordingly, the 2023 analyses were conducted in 32 countries, while the 2024 

analyses were conducted in 36 countries. It is noted that correlation and regression analyses in this study were 

also performed with these sample sizes. The countries that have existed in RECAI’s ranking of 2023 but do not 

exist in DCI 2023 are; Morocco, Honduras, Egypt, Vietnam, Tunisia, Dominican Republic, Kenya, Panama and 

for 2024; these countries also have not existed but four countries are added which are Japan, Brazil, New 

Zealand and Switzerland. 

In the 2023–2024 difference analysis, common countries with complete data for all variables in both years were 

used. Therefore, the difference model was created based on 32 countries. This approach prevents 

comparability issues that may arise from calculating difference values. The scores of digital competitiveness 

can be grouped into three factors that highlight the main areas analyzed. In Figure 1, the primary topics of the 

index are delineated, accompanied by emphasized subtitles. The use of subtitles enhances clarity and 

facilitates a deeper understanding of the thematic organization, thereby providing a comprehensive overview 

of the index's framework. Evaluation criteria depend on both survey data and hard data. Hard data is used to 

analyze digital competitiveness as it can be measured (e.g. Internet bandwidth speed) and survey data, which 

analyzes competitiveness as it can be perceived (e.g. Agility of companies). Hard criteria represent a weight 

of 2/3 in the overall evaluation whereas the survey data represent a weight of 1/3. 

In Figure 1, it can be observed that the main headings are knowledge, technology and future readiness. The 

evaluation of knowledge, technology and future readiness that mainly consist of integration and application 

of knowledge, the effectiveness of regulations, the adoption of new technologies, and adaptation to required 

changes (IMD, 2024). Knowledge refers to the quality of education, talent management, and scientific 

concentration for achieving specific targets. Technology is evaluated based on environmental conditions such 

as the regulatory framework, capital, and technological infrastructure. It includes regulatory incentives for 

technological advancements. Future readiness is crucial for achieving a smooth digital transformation which 

requires company specific factors like agility, adaptive culture, etc. (Setiawati et al., 2022). In addition, two 

criteria are for background information only, which means that they are not used in calculating the overall 

digital competitiveness scores (i.e., Population and GDP). 
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Figure 1. Main index topics 

Resource: World Digital Competitiveness Index 2023 

Renewable Energy Country Attractiveness Index (RECAI) 

Ernst & Young (EY) publishes a wide range of statistics and reports aimed at its clients across various sectors. 

E.Y. (Ernst and Young) created the Renewable Energy Country Attractiveness Index (RECAI) and evaluates 

the world's top 40 markets according to the appeal of their investments in renewable energy. These index 

pillars highlight crucial elements such as the demand for energy, policy stability, project implementation 

(including capital accessibility), and the variety of natural resources. The index naturally benefits large 

economies. However, by normalizing with the gross domestic product (GDP) that is, dividing the “raw” 

RECAI scores by the log of GDP, we can see which markets are performing above the expectations for their 

economic size. In this way, the normalized index helps reveal ambitious plans for energy transition in smaller 

economies, creating some attractive alternatives for potential investors (E.Y., 2024). Since 2003, EY has ranked 

the world's top 40 renewable energy markets based on their attractiveness. This provides important 

information for investors, policymakers and firms which enhance sustainability strategies.  

Definition of Research Variables 

The RECAI ranking indicates the relative attractiveness of countries in terms of renewable energy investments 

and project development opportunities. In this variable, lower ranking values represent better performance, 

while higher ranking values indicate lower performance.  

The DCI Knowledge dimension is considered as scored values that represent the capacity of countries in terms 

of the knowledge, skills, training, and human resources necessary for digital transformation; the Technology 

dimension supports the technological and regulatory infrastructure that facilitates the development and 

application of digital technologies; and the Future Readiness dimension reflects the countries' preparedness 

for adapting to digital transformation, agility, and the adoption of new technologies. 

The ranking difference is calculated as follows: 

Ranking Difference = RECAI Ranking 2023 − RECAI Ranking 2024 

 

According to this definition, positive values indicate that the country has improved its RECAI ranking, 

negative values indicate a decline, and zero indicates that the ranking has not changed. The DCI difference 

variables are calculated by subtracting the 2023 score from the 2024 score: 

DCI Difference = DCI 2024 − DCI 2023 

 

Thus, positive values in the DCI change variables indicate an increase in the relevant dimension of digital 

competitiveness, while negative values indicate a decrease. 

 

KNOWLEDGE-Know-how necessary to build technologies

Talent, Training and Education, Scientific Concentration

TECHNOLOGY- Overall context for technological development

Regulatory Framework, Capital, Technological Framework

FUTURE READINESS-Level of preparedness for digitalization

Adaptive attitudes, Business Agility, IT Integration
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3.1-Data Analysis 

Data analyses are conducted by using the R (Studio) programming language. Initially, country names and 

missing values were checked; only countries with complete RECAI rankings and all three DCI sub-dimensions 

for the relevant year are included. The statistical significance level is set at α = 0.05 for all analyses. 

The RECAI variable contains ordered values from 1 to 40. Due to this structure, the arithmetic mean and 

standard deviation of the RECAI rankings are deemed to provide limited information, as the average ranking 

would approach 20.5 in a complete dataset. Consequently, classical descriptive statistics for the RECAI ranking 

are not reported. Although DCI scores are continuous, the study focuses on their relationship with RECAI 

rankings, so a separate descriptive statistics table is not provided. 

Given the ordinal nature of the RECAI variable, bivariate relationships between RECAI rankings and DCI sub-

dimensions are assessed using the Spearman rank correlation coefficient. This method is also applied to 

examine differences in RECAI rankings and DCI sub-dimensions from 2023 to 2024. 

Separate linear regression models are created for 2023 and 2024 to determine the explanatory power of the 

DCI sub-dimensions on RECAI rankings. The RECAI ranking is treated as an approximately numeric outcome 

variable. In the 2023 model, high multicollinearity among independent variables is identified, prompting the 

use of ridge regression for robustness. L2 regularization is applied, with the penalty parameter determined 

via leave-one-out cross-validation to stabilize predictions by shrinking coefficients of highly correlated 

variables. 

Before regression modelling, the normality of residuals is assessed using the Shapiro-Wilk test, 

homoscedasticity is evaluated with the Breusch-Pagan test, independence of residuals is checked with the 

Durbin-Watson test, and linearity is evaluated using the Ramsey RESET test. Multicollinearity is examined 

through VIF and tolerance values, while outliers and influential observations are analyzed using studentized 

residuals, leverage values, and Cook's distances. 

3.1.1. Correlation Analysis 

The presence of a significant relationship between the RECAI ranking values for 2023 and 2024 and the DCI 

sub-dimensions is measured using correlation analysis. The correlation values are assessed for both the data 

from 2023 and 2024, as well as for the differences between 2023 and 2024. 

Relationship Between the 2023 DCI Sub-Dimensions and RECAI Ranking 

Due to the variables not exhibiting a normal distribution and the ranking variable having an ordinal structure, 

the relationships between the variables are examined using the Spearman rank correlation coefficient. The 

analysis is conducted using data from 32 countries. The results of the analyses can be seen in Table 1 below. 

Table 1. The relationship between the DCI sub-dimensions of the year 2023 and the RECAI ranking. 

Variables Spearman ρ p  

DCI Future Readiness – RECAI Ranking -0.242 0.182 

DCI Knowledge – RECAI Ranking -0.341 0.056 

DCI Technology – RECAI Ranking -0.378 0.033 

According to the results for 2023, there is a weak negative relationship between the RECAI ranking and the 

DCI Future Readiness is observed although it is not statistically significant (ρ = -0.242; p = 0.182). This result 

indicates that while countries tend to improve their RECAI rankings as their level of future readiness increases, 

this relationship is not statistically significant. 

A negative and low-to-moderate relationship is identified between the RECAI ranking and the DCI 

Knowledge dimension (ρ = -0.341; p = 0.056). Although the direction of the relationship indicates that as the 

knowledge infrastructure strengthens, the RECAI ranking improves, the obtained p-value is greater than the 

5% significance level, making it statistically insignificant. However, the borderline significance of the 

relationship (p ≈ 0.056) suggests that this relationship could become significant with larger sample sizes. 

The strongest relationship is found between the RECAI ranking and the DCI Technology dimension. The 

analysis results show a moderate, negative, and statistically significant relationship between the technology 
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dimension and the RECAI ranking (ρ = -0.378; p = 0.033). Since lower ranking values in RECAI indicate better 

performance, countries with high technological infrastructure and capacity rank higher in the RECAI ranking. 

Relationship Between the 2024 DCI Sub-Dimensions and RECAI Ranking 

In the analyses for 2024, the relationships between the variables are also examined using the Spearman rank 

correlation coefficient. The analysis is conducted using data from 36 countries. The results can be seen in Table 

2 below. 

Table 2. Relationship Between DCI Sub-Dimensions and RECAI Ranking for the Year 2024 

Variables Spearman ρ p  

DCI Future Readiness – RECAI Ranking -0.402 0.015 

DCI Knowledge – RECAI Ranking -0.389 0.019 

DCI Technology – RECAI Ranking -0.321 0.057 

According to the analysis results, there is a moderate, negative, and statistically significant relationship 

between the RECAI ranking and the DCI Future Readiness (ρ = -0.402; p = 0.015). This indicates that countries 

with a high level of future readiness are more competitive in attracting investments in renewable energy and 

energy transition. 

A moderate, negative, and statistically significant relationship is also identified between the RECAI ranking 

and the DCI Knowledge dimension (ρ = -0.389; p = 0.019). This result shows that countries with high digital 

information infrastructure, education levels, and knowledge production capacity rank higher in the RECAI. 

In contrast, although a negative relationship exists between the RECAI ranking and the DCI Technology 

dimension, this relationship is not statistically significant (ρ = -0.321; p = 0.057). 

When considering the years 2023 and 2024 together, an interesting change is observed. In 2023, only the 

Technology dimension shows a significant relationship with the RECAI ranking, while in 2024, the Technology 

dimension lost its significance; conversely, the Future Readiness and Knowledge dimensions become 

significant. This indicates that the competitiveness of investments in renewable energy has become more 

closely related over time not only to technological capacity but also to information infrastructure and future 

readiness levels. 

Relationship Between Differences in RECAI Ranking and in DCI Dimensions 

To examine the relationship between the differences in the digital competitiveness dimensions of countries 

during the 2023-2024 period and the differences in the RECAI ranking, a Spearman rank correlation analysis 

is conducted. The results of the analysis can be seen in the table below (Table 3). 

Table 3. Relationship Between the differences in RECAI Ranking and DCI Dimensions 

Variables Spearman ρ p  

Future Change – Ranking Change -0.014 0.942 

Knowledge Change – Ranking Change -0.128 0.485 

Technology Change – Ranking Change -0.325 0.069 

According to the analysis results, there is no significant relationship between the differences in the RECAI 

ranking and the differences in Future Readiness (ρ = -0.014; p = 0.942). This finding indicates that the 

differences in countries' levels of preparedness for the future do not explain the differences in their RECAI 

rankings in the short term. 

Similarly, no statistically significant relationship has been found between the differences in Knowledge and 

the differences in the RECAI ranking (ρ = -0.128; p = 0.485). This result suggests that developments in 

knowledge infrastructure do not have a significant impact on the RECAI ranking differences in the short term. 

The highest correlation coefficient is obtained between the differences in Technology and the differences in 

the RECAI ranking (ρ = -0.325; p = 0.069). Although this relationship is not significant, the presence of a 

negative and low-to-moderate correlation suggests that developments in the technological framework may be 
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related to improvements in the RECAI ranking. It is believed that this relationship can become statistically 

significant in studies conducted with larger samples. 

3.1.2. Regression Analysis 

The extent to which the RECAI ranking values for 2023 and 2024 can be explained by the DCI sub-dimensions 

has been measured using multiple linear regression analysis. The regression models are assessed for both the 

data of 2023 and 2024, as well as for the differences between 2023 and 2024. 

Evaluation of Assumptions Before Regression Analyses of 2023 Data 

Before starting the regression analysis, the fundamental assumptions of multiple linear regression are 

examined. To ensure reliable results, it is necessary for the residuals to show a normal distribution, error 

variances to be constant (homoscedasticity), residuals to be independent, the model to represent a linear 

structure, and no severe multicollinearity among independent variables. 

Normal Distribution: Assessed using the Shapiro-Wilk test, which indicates normal distribution of residuals 

(W = 0.958, p = 0.238). 

Constant Variance: The Breusch-Pagan test (χ² = 3.960, p = 0.266) shows constant error variances and no 

heteroscedasticity. 

Linearity: Evaluated with the Ramsey RESET test (F = 1.333, p = 0.281), confirming the model's linear structure. 

Multicollinearity: VIF values for DCI Knowledge (VIF = 7.58), DCI Technology (VIF = 7.90), and DCI Future 

Readiness (VIF = 9.62) indicate moderate to high multicollinearity. 

Independence: The Durbin-Watson test (DW = 0.682, p < 0.001) suggests potential positive autocorrelation, 

though less critical for cross-sectional data. 

Overall, the fundamental assumptions are largely met, but there is a relatively high level of multicollinearity 

among the independent variables. To address this, ridge regression analysis is also applied to mitigate 

multicollinearity effects. 

Multiple Linear Regression Analysis for 2023 Data 

A multiple linear regression analysis is applied to determine the dimensions of digital competitiveness that 

affect the RECAI 2023 ranking. The dependent variable is the RECAI 2023 ranking, while the independent 

variables are the DCI Knowledge, DCI Technology, and DCI Future Readiness dimensions (E.Y., 2023). 

The model is found to be statistically significant overall (F(3,28) = 3.766, p = 0.022). When examining the 

explanatory power of the model, it is observed that the independent variables explain approximately 28.7% of 

the total variance in the RECAI ranking (R² = 0.287). The adjusted coefficient of determination is calculated to 

be 21.1% (Adjusted R² = 0.211). 

When examining the coefficients related to the independent variables, although the regression coefficient for 

the DCI Knowledge variable is negative, it is not statistically significant (B = -0.430, β = -0.650, p = 0.150). 

Similarly, the DCI Technology variable also has a negative effect but is found not to be significant (B = -0.446, 

β = -0.666, p = 0.149). In contrast, the DCI Future Readiness variable has a positive coefficient (B = 0.565, β = 

0.875), which is not statistically significant at the 5% level, but shows a significant borderline relationship (p = 

0.088).  

Considering that lower ranking values in the RECAI ranking represent better performance, the negative 

coefficients for the Knowledge and Technology variables are consistent with theoretical expectations. 

Accordingly, it can be stated that as the knowledge and technology capacity increases, countries tend to rank 

higher in the RECAI ranking. However, it is assessed that the high correlation among the independent 

variables prevents the coefficients from reaching statistical significance. 

The positive coefficient for the Future Readiness variable initially appears to contradict theoretical 

expectations. The primary reason for this is the high correlation of the Future Readiness variable with the other 

two DCI dimensions, which may cause the coefficient to change direction under the influence of 

multicollinearity. Indeed, while correlation analyses indicate a negative relationship between Future 
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Readiness and the RECAI ranking, the coefficient changes direction when the effects of the other variables are 

controlled in the regression model. This situation is considered one of the classic signs of multicollinearity 

(Hair et al., 2019). 

Ridge Regression Analysis for 2023 Data 

Due to high VIF values in the classical multiple linear regression, ridge regression is applied to test robustness. 

Using leave-one-out cross-validation, the optimal penalty parameter s λ = 0.602, minimizing cross-validation 

error. A stronger regularization (λ₁SE = 4999.721) reduces coefficients nearly to zero, so focus remained on the 

λmin model. 

Ridge regression coefficients show that DCI Knowledge (βridge = -0.286), DCI Technology (βridge = -0.289), 

and DCI Future Readiness (βridge = 0.280) retain the same directions as in the classical model. Standardized 

coefficients indicate Knowledge and Technology have similar negative impacts (β = -0.431 and β = -0.430), 

while Future Readiness has a positive impact (β = 0.430). 

Cross-validation reveals decreased explained variance (R² = 0.086) and increased RMSE (10.73). The 

relationship between predictions and actual rankings is not statistically significant (ρ = 0.228; p = 0.210), 

suggesting limited generalizability due to the small sample size and high variable correlation. 

Ridge regression reduces multicollinearity's impact but does not alter coefficient directions. Knowledge and 

Technology have negative effects, while Future Readiness a positive one. However, low cross-validation 

performance suggests digital competitiveness indicators alone cannot fully explain the RECAI ranking. 

Adding variables related to economic, institutional, or energy policies may improve explanatory power. 

Evaluation of Assumptions Before Regression Analyses for 2024 Data 

Before conducting regression analysis to explain the 2024 RECAI ranking via digital competitiveness 

dimensions, key assumptions are evaluated.  

Normal Distribution: The Shapiro-Wilk test indicates normal distribution of residuals (W = 0.977; p = 0.632).  

Homoscedasticity: The Breusch-Pagan test confirms homoscedasticity (BP = 0.012; p = 0.912).  

Linearity: The Ramsey RESET test shows no significant nonlinearity (F = 1.087; p = 0.349). However, the 

Durbin-Watson test suggests positive autocorrelation (DW = 0.385; p < 0.001), though data is cross-sectional. 

Initial multicollinearity checks in the full model show high VIF for DCI Knowledge (VIF = 10.527), DCI 

Technology (VIF = 7.394), and DCI Future Readiness (VIF = 6.739), indicating strong interrelations. After 

stepwise selection, only DCI Future Readiness remains, eliminating multicollinearity concerns (VIF = 1.000). 

This does not imply the other dimensions lack relevance but rather share variance with Future Readiness. 

Influential observations are noted, with Cook's distances for observations 2 and 35 exceeding the threshold, 

and observation 1 showing high leverage. Despite these, no data errors justified removal, thus all observations 

are retained. 

Linear Regression Analysis for 2024 Data 

To identify the digital competitiveness dimensions that explain the 2024 RECAI ranking, a bidirectional 

stepwise linear regression is conducted. Initially including DCI Knowledge, DCI Technology, and DCI Future 

Readiness, the model ultimately keeps only Future Readiness. This indicates Future Readiness is the key 

variable contributing independently to the RECAI ranking. 

The final model is statistically significant, F(1,34) = 6.937; p = 0.013, with an R = 0.412 and R² = 0.169, meaning 

Future Readiness explains about 16.9% of the variance in RECAI rankings. The adjusted R² is 14.5%, suggesting 

moderate explanatory power. Much of the variance may relate to factors beyond digital readiness, such as 

energy policies and market conditions. 

The effect of Future Readiness on RECAI ranking is negative and significant (B = −0.328; β = −0.412; p = 0.013). 

A one-unit increase in Future Readiness correlates with a 0.33 rank improvement, indicating better positioning 

in renewable energy investment attractiveness. 
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Comparing 2023 and 2024, all three DCI dimensions are in the 2023 model, but multicollinearity affects 

significance. In 2024, Knowledge and Technology are removed, highlighting a shift towards digital readiness 

as a critical factor for competitive positioning in renewable energy investments. 

3.1.3. Evaluation of Assumptions Before Regression Analysis of Differences Between 2023 and 

2024 

To determine whether the differences in the DCI sub-dimensions of countries during the 2023–2024 period 

explain the differences in the RECAI ranking, the assumptions are examined prior to the analysis. The 

examination reveals that the non-significant result of the Shapiro-Wilk test indicates that the residuals do not 

show a significant deviation from normal distribution (W = 0.984; p = 0.899). Accordingly, the assumption of 

normality of the residuals has been met. 

The constancy of the error variances is examined, and the test result is found to be non-significant (BP = 1.658; 

df = 3; p = 0.646). This finding indicates that the error variance does not systematically change at different 

levels of the predicted values, thus confirming the homoscedasticity assumption. 

When examining the independence of the residuals, it is shown that there is no statistically significant 

autocorrelation among the residuals (DW = 2.224; p = 0.482). Therefore, no evidence is found against the 

assumption of independence of the residuals. 

The non-significance of the RESET test indicates that there is no clear evidence against the establishment of a 

linear model (F = 1.264; p = 0.299). Thus, it is assessed that it is appropriate to address the relationship between 

the variables using a linear model (Ramsey, 1969). 

Multicollinearity among the independent variables is examined through VIF and tolerance values. The values 

obtained for Knowledge difference (VIF = 1.017; tolerance = 0.983), Technology difference (VIF = 1.014; 

tolerance = 0.986), and Future Readiness difference (VIF = 1.031; tolerance = 0.970) indicate that there is no 

multicollinearity problem. The VIF values being well below 5 and the tolerance values being above 0.20 

suggest that the independent variables provide sufficiently independent information to the model (Hair et al., 

2019). 

When examining outliers and influential observations, it is found that no observation exceeded the absolute 

studentized residual threshold of 3. 

In conclusion, it is observed that the assumptions of normality, constant variance, independence, linearity, 

and multicollinearity have been met. 

The Impact of Differences in DCI Dimensions on RECAI Ranking Differences 

A multiple linear regression analysis using the Enter method is conducted to determine if differences in DCI 

Knowledge, Technology, and Future Readiness from 2023 to 2024 explain differences in the RECAI ranking. 

The model is statistically non-significant, F(3,28) = 0.655; p = 0.586, indicating limited explanatory power of 

these differences for short-term RECAI ranking shifts. 

The findings suggest that annual RECAI ranking differences are more influenced by direct factors like 

renewable energy policies, regulatory incentives, investment volume, financing costs, and international 

economic conditions, rather than short-term digital competitiveness differences. Additionally, ranking 

differences depend on relative performance among countries; even with improved DCI scores, a country may 

not rise if others progress faster. 

In summary, while cross-sectional analyses for 2023 and 2024 show significant relationships between some 

DCI dimensions and RECAI rankings, annual differences in these indicators do not correlate with ranking 

differences. This suggests digital capacity levels relate to renewable energy investment attractiveness, but 

differences in short term may not immediately impact RECAI rankings. Longer-term panel data analyses can 

provide more insights into the delayed effects of digital transformation investments on renewable energy 

markets. 
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4- FINDINGS AND DISCUSSIONS 

The aim of the study is to find out the interaction of digital competitiveness by considering its sub-topics which 

are technology, knowledge and future readiness with the ranking of 40 renewable energy attractive countries.  

"Based on the correlation analysis of the 2023 data, the RECAI ranking is not significantly associated with DCI 

Future Readiness. The relationship with the DCI Knowledge dimension is negative and low-to-moderate in 

magnitude but does not reach statistical significance. However, its p-value is close to the conventional 

significance threshold, suggesting that this relationship may warrant further examination in larger samples. 

The strongest relationship is observed for the DCI Technology dimension, which is negatively and 

significantly associated with the RECAI ranking. Since lower RECAI ranking values indicate better positions, 

this finding suggests that higher Technology scores are associated with greater renewable energy investment 

attractiveness. 

Based on the correlation analysis of the 2024 data, moderate, negative, and statistically significant relationships 

are identified between the RECAI ranking and both DCI Future Readiness and DCI Knowledge. These 

findings indicate that countries with stronger future readiness and knowledge-related capabilities tend to 

occupy better positions in the RECAI ranking. In contrast, the relationship between DCI Technology and the 

RECAI ranking is negative but does not reach statistical significance (p = 0.057). Although this result is close 

to the conventional significance threshold, it should not be interpreted as statistically significant. The observed 

pattern may nevertheless be examined further using larger samples. These findings are broadly consistent 

with Yang and Liu (2025), Nazari and Musilek (2023), and Bingxin et al. (2025), who emphasize the relevance 

of knowledge and technological capabilities in supporting sustainability and energy-related outcomes. 

Based on the multiple linear regression analysis of the 2023 data, none of the three DCI dimensions 

Knowledge, Technology, and Future Readiness have a statistically significant individual effect on the RECAI 

ranking. The relatively high correlations among the independent variables may have reduced the stability of 

the individual coefficient estimates and contributed to their lack of statistical significance. Therefore, ridge 

regression is additionally conducted as a robustness analysis to address the multicollinearity among the 

predictors. The ridge regression results do not substantially alter the overall findings, as no clear independent 

contribution of the DCI dimensions emerged. Despite the lack of significant individual predictors, the overall 

multiple regression model is statistically significant and explains approximately 28.7% of the variance in the 

RECAI ranking (R² = 0.287). These findings are consistent with El Zein and Gebresenbet (2024), who suggest 

that the contribution of digitalization to renewable energy implementation depends on a broader set of factors, 

including societal and regulatory frameworks, cybersecurity, and access to attractive financing. 

For the 2024 data, bidirectional stepwise linear regression is conducted by initially including DCI Knowledge, 

DCI Technology, and DCI Future Readiness. The final model retains only Future Readiness, indicating that it 

is the only DCI dimension making a statistically significant independent contribution to the RECAI ranking. 

Future Readiness has a significant negative effect on the RECAI ranking, meaning that higher Future 

Readiness scores are associated with better RECAI positions. Specifically, a one-unit increase in Future 

Readiness is associated with an approximately 0.33-position improvement in the RECAI ranking. The final 

model is statistically significant and explains 16.9% of the variance in the RECAI ranking (R² = 0.169), 

indicating relatively limited explanatory power. This finding is consistent with Dubey et al. (2026), who 

identify awareness and green technology readiness as important factors in supporting the development of the 

green energy industry." 

Difference analysis is conducted to determine if differences in DCI Knowledge, Technology, and Future 

Readiness from 2023 to 2024 explain differences in the RECAI ranking. The model is statistically non-

significant, indicating limited explanatory power of these changes for short-term RECAI ranking shifts. 

5- CONCLUSION 

The present study endeavors to investigate the interplay between digital competitiveness particularly its 

constituent elements of technology, knowledge, and future readiness and the rankings of 40 countries 

regarding their attractiveness for renewable energy investments. "The correlation results show that 

Technology is significantly associated with the RECAI ranking in 2023, whereas Knowledge and Future 

Readiness are significantly related to the RECAI ranking in 2024. In the 2023 regression model, although the 
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overall model is significant, none of the individual DCI dimensions have a statistically significant effect on 

RECAI ranking. In 2024, Future Readiness emerges as the only significant predictor, with higher Future 

Readiness scores being associated with better RECAI positions. Finally, the analysis of 2023–2024 differences 

shows that score differences in Knowledge, Technology, and Future Readiness cannot significantly explain 

differences in RECAI rankings." 

The findings suggest that dimensions of digital competitiveness, with a notable emphasis on future readiness, 

contribute to the determination of a country's appeal for renewable energy investments. It can be concluded 

that the attractiveness of renewable energy investments is increasingly linked not solely to technological 

infrastructure but also to the capacity for knowledge production and the preparedness for digital 

transformation. However, the difference model for the 2023–2024 period indicates that short-term fluctuations 

in the dimensions of digital competitiveness do not significantly account for short term differences in the 

RECAI ranking.  

The results imply that, to enhance a country's attractiveness in renewable energy, it is crucial to adopt a 

multifaceted approach that builds on the findings of the study. Strengthening technological infrastructure 

through increased investment in research and development will foster innovation in renewable energy 

technologies. This should be complemented by initiatives aimed at enhancing future readiness, such as 

promoting digital transformation and developing skill-building programs to prepare the workforce for 

emerging technologies. Additionally, fostering knowledge production through collaborations between 

academia and industry can drive innovation and attract investment on renewable energy alternatives. 

FUTURE RESEARCH 

By establishing the interrelationship between digital competitiveness and renewable energy investment, this 

study opens avenues for future research. It encourages scholars to further investigate the mechanisms through 

which digital technologies can facilitate energy transitions, particularly in underrepresented regions by 

adding different independent variables like availability of technical staff, which are not considered in this 

study. 
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