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Abstract

:

Northern European nations are at the forefront of renewable energy adoption but face challenges in optimizing energy conversion efficiency. There is a lack of detailed understanding of how behavioral factors affect the efficiency of renewable energy conversion in these countries. This study aims to evaluate and compare the renewable energy conversion efficiency of Northern European countries, intending to inform strategic policy making and identify best practices for technology deployment in the renewable energy sector. Employing a Data Envelopment Analysis (DEA) model, the study integrates behavioral economic parameters—specifically, the aversion loss and gain significance coefficients—to assess the efficiency of renewable energy conversion, accounting for psychological factors in decision making. A comprehensive sensitivity analysis was conducted, varying the gain significance coefficient while maintaining the aversion loss coefficient at constant levels. This experiment was designed to observe the impact of behavioral parameters on the efficiency ranking of each country. The analysis revealed that Latvia consistently ranked highest in efficiency, irrespective of the gain significance valuation, whereas Iceland consistently ranked lowest. Other countries demonstrated varying efficiency rankings with changes in gain significance, indicating different behavioral economic influences on their renewable energy sectors. Theoretically, the study enhances the DEA framework by integrating behavioral economics, offering a more holistic view of efficiency in renewable energy. Practically, it provides a benchmarking perspective that can guide policy and investment in renewable energy, with sensitivity analysis underscoring the importance of considering behavioral factors. The research offers a practical tool for policymakers and energy stakeholders to align renewable energy strategies with behavioral incentives, aiming to improve the adoption and effectiveness of these initiatives.
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1. Introduction


The transition towards renewable energy (RE) sources has emerged as a critical global mandate, driven by the escalating environmental concerns and the geopolitical instability that impacts fossil fuel markets [1]. The global energy landscape is undergoing a significant transformation, with renewable energy’s share in the power sector expected to increase from 25% in 2019 to over 30% by 2024, according to the International Energy Agency (IEA) [2]. This shift is further emphasized by the urgent need to reduce greenhouse gas emissions, where the energy sector accounts for approximately two-thirds of global emissions, underscoring the critical role of renewable energy in achieving climate goals [3].



Compounding these environmental imperatives is the geopolitical volatility associated with traditional energy sources [4]. A dependence on Russia’s oil and gas industry, for example, has been a stark reminder of the vulnerabilities many regions face concerning energy security and autonomy. In 2021, Europe imported approximately 40% of its natural gas and 27% of its oil from Russia, highlighting the region’s exposure to geopolitical risks and the urgency of diversifying energy sources [5].



In this context, the Northern European countries—Denmark, Estonia, Finland, Iceland, Ireland, Latvia, Lithuania, Norway, Sweden, and the United Kingdom—stand out for their proactive approach to embracing renewable energy [6]. Blessed with abundant natural resources, these nations have demonstrated a strong commitment to renewable energy, at least 20% of their energy consumption coming from renewable sources as of 2020 [7]. Their efforts are not only aimed at enhancing national energy security but also at contributing to global sustainability objectives [8]. However, transitioning to renewable energy is fraught with challenges, particularly regarding the need for substantial advancements in the efficiency of renewable energy conversion technologies and systems to meet growing energy demands sustainably [9,10].



Despite an increasing focus on renewable energy, a significant research gap persists in understanding and quantifying the efficiency of renewable energy conversion processes, especially within the Northern European context. This gap is critical as it influences the development of effective policies and the optimization of renewable energy systems for maximum productivity and sustainability. A review of the existing literature reveals a proliferation of studies on renewable energy deployment, yet few delve into the nuanced analysis of conversion efficiency in the Northern European region [11,12,13,14]. This lack of detailed efficiency metrics hinders the ability to fully leverage the potential of renewable resources, necessitating a more focused and analytical approach to assess and enhance the performance of renewable energy technologies.



The urgency of addressing these challenges cannot be overstated. As the world moves towards a more sustainable and secure energy future, the insights gained from evaluating the efficiency of renewable energy conversion in the Northern European countries could provide valuable lessons for global energy policy and technology development. This underscores the need for comprehensive research that not only identifies the current state of renewable energy efficiency but also proposes innovative solutions to improve it, thereby supporting the global transition towards a more resilient and sustainable energy system.



This study is motivated by the need to bridge these gaps through a comprehensive evaluation of the efficiency of renewable energy conversion in Northern European countries. It aims to provide actionable insights for policymakers and industry stakeholders to foster the development of more efficient, resilient, and sustainable energy systems. To achieve this, the study sets forth two primary objectives: a practical objective to evaluate the efficiency of renewable energy conversion for policy development, and a theoretical objective to propose and apply a robust Data Envelopment Analysis (DEA) model enhanced with prospect theory. This dual approach will facilitate a more nuanced understanding of the efficiency landscapes and the decision-making processes governing renewable energy investments and operations in the Northern European region.



This article is structured as follows: Section 1 outlines the study’s background, motivation, and aims. Section 2 conducts a thorough literature review, identifying prior research and research gaps. Section 3 details the study’s methodologies, particularly the use of a data analysis envelopment model enhanced with prospect theory. Section 4 delivers the numerical findings, analyzing renewable energy conversion efficiency in the Nordic countries. Section 5 wraps up the research, summarizing the main insights, policy implications, and directions for further investigation.




2. Literature Review


2.1. Renewable Energy Studies in Northern Eupopean


The research landscape on renewable energy in Europe encompasses studies that span various aspects, including policy frameworks, economic impacts, technological advancements, and environmental sustainability [15,16]. Campos et al. (2020) underscore the evolving role of RE prosumers within the EU, influenced by policies that transition consumers to active energy participants [17]. This study identifies France, Germany, the Netherlands, and the United Kingdom as leaders in creating favorable conditions for collective prosumers, marking a significant move towards energy democratization and sustainability. Economic relationships between growth, carbon emissions, and renewable energy consumption have been explored by Radmehr, Riza et al. in their 2021 study, alongside Simionescu et al. (2023), both of which reveal strong spatial correlations across EU countries [13,18]. They highlight a bidirectional link between economic growth and renewable energy consumption, offering vital insights for policy development aimed at sustainable growth.



From an environmental perspective, the 2020 study by Destek and Aslan emphasizes the varied impacts of different renewable energy sources on carbon emissions, suggesting the need for policies tailored to the characteristics of each energy type [19]. Johannsen et al.’s 2023 research on decarbonizing the European industrial sector further stresses the potential of existing technologies, energy savings, and electrification for achieving environmental goals [20]. Potrč et al. (2021) and Tutak et al. (2022) investigate the socio-economic benefits of the EU’s renewable energy transition, aiming for a carbon-neutral status by 2050 [3,21,22]. Their findings point to the significant potential of wind and solar power and the positive effects of renewable energy on economic growth and emission reductions. In terms of technology innovation, Panchenko et al. (2023) delve into “green” hydrogen production’s future, emphasizing its importance in moving towards cleaner energy sources and enhancing energy independence [23]. This highlights the sector’s continuous innovation and technological progress.



Despite the breadth of research, a notable gap exists in the detailed analysis of renewable energy conversion efficiency, especially within Northern European countries. This study seeks to address this by evaluating the efficiency of renewable energy conversion in these regions, employing a data analysis envelopment model with prospect theory enhancements. This comprehensive approach aims to shed light on efficiency dynamics, guiding policy and technological advancements in Northen Europe.




2.2. Data Envelopment Analysis Studies


The exploration of DEA across a diverse array of sectors, with a notable emphasis on the renewable energy domain, showcases its broad applicability and efficiency in performance evaluations and efficiency assessments. In 2020, the work of Kaffash brought to light DEA’s growing significance within the insurance sector, highlighting its capacity to evaluate the operational efficiency of insurance firms amidst rapidly evolving market conditions and technological advancements [24]. This pivotal insight not only underscores the adaptability of DEA but also sets the stage for its application in critical areas such as the assessment of renewable energy efficiency, marking a significant leap towards broader utility in various industrial domains. Building upon this foundation, the research conducted by Tao Xu et al. further reinforces the importance of DEA in the energy sector, illuminating its widespread adoption for conducting detailed energy efficiency studies spanning the years from 2011 to 2019 [25]. In a similar vein, the work of Fotova Čiković and Lozić (2022) [26], along with Dutta et al. (2022) [27], ventures beyond traditional applications, extending DEA’s reach into the realms of Information and Communication Technology (ICT) and supply chain management, respectively. These studies collectively highlight DEA’s instrumental role in streamlining processes and bolstering sustainability efforts, attributes that are directly translatable and immensely beneficial to renewable energy initiatives.



The innovative approach introduced by Le and Nhieu represents a significant advancement in the application of DEA, marrying the methodology with behavioral insights and fuzzy Multi-Criteria Decision-Making (MCDM) techniques in 2022. This novel integration facilitates the selection of offshore wind and wave energy projects, demonstrating DEA’s flexibility and effectiveness in navigating the intricate decision-making landscapes inherent in renewable energy projects [28]. Additionally, research by Kyrgiakos et al. (2023) showcases DEA’s application within the agricultural sector with a focus on sustainability, offering valuable insights into how the methodology can be leveraged to evaluate renewable energy initiatives through a comprehensive sustainability framework [29]. The groundbreaking work of Tavana et al. (2023) and Chia-Nan Wang et al. (2024) marks a significant evolution in DEA’s application, incorporating behavioral theories and hybrid decision-making frameworks to refine and enhance the evaluation of renewable energy projects [30,31,32].



These developments not only underscore the methodological advancements within DEA but also spotlight the promising potential of applying DEA within Europe’s renewable energy sector. Specifically, these advancements point towards the optimization of offshore energy exploitation and the meticulous selection of projects, guided by a thorough analysis of efficiency metrics. Such applications of DEA promise to offer comprehensive insights and robust frameworks for evaluating the sustainability and efficiency of renewable energy projects, thereby contributing significantly to the advancement of Europe’s renewable energy objectives.



The comprehensive review underscores the significant strides made in the application of DEA across various sectors, highlighting its evolving role in enhancing efficiency and performance evaluations. Notably, although DEA’s adaptability and effectiveness have been demonstrated in fields ranging from insurance to agriculture, its application within the renewable energy sector, particularly in Northern European countries, remains underexplored. This identified gap in the detailed analysis of renewable energy conversion efficiency in these regions presents a critical area for further research.



The current study aims to bridge this gap by employing a data analysis envelopment model, enhanced with prospect theory, to evaluate the efficiency of renewable energy conversion in Northern Europe. This endeavor seeks not only to understand the efficiency dynamics but also to inform policy and technological advancements in the region. The methodological advancements within DEA, highlighted by the research reviewed, underscore the potential for DEA’s application in optimizing offshore energy exploitation and in the careful selection of renewable energy projects. By conducting a thorough analysis of efficiency metrics, this approach promises to offer comprehensive insights and robust frameworks for evaluating the sustainability and efficiency of renewable energy projects.





3. Methodology


3.1. Traditional DEA Model


In 1978, a groundbreaking achievement in operations research and efficiency assessment was marked by the introduction of the pioneering DEA model by Charnes and his collaborators, commonly known as the CCR (Charnes, Cooper and Rhodes) model. This model revolutionized the evaluation of technical efficiency across various sectors, operating on the premise of constant returns to scale, a fundamental concept in optimization [33]. However, as real-world applications unfolded, the limitation of universal applicability became apparent, leading to further advancements in DEA methodologies. In response, Banker and his team introduced the BCC (Banker, Chames and Cooper) model, accounting for variable returns to scale and enhancing flexibility and realism in analysis [34]. The comprehensive DEA framework, comprising both CCR and BCC models, serves as a vital tool for evaluating the performance of Decision-Making Units (DMUs) managing multiple inputs to produce diverse outputs. Technical efficiency (    E   k    ) for each DMU (  k  th) is calculated using a mathematical model (1), which considers intricate input–output relationships, enabling not only efficiency quantification but also identification of improvement areas and resource optimization. The DEA methodology remains integral in addressing efficiency challenges across industries, evolving continually to meet the needs of decision makers and analysts alike.


          m a x i m i z e     E   k   = ρ +    ∑  t = 1   T       u   t     m   t k           S . t .               ∑  j = 1   J       v   j     n   j k     = 1          ρ +    ∑  t = 1   T       u   t     m   t i     −    ∑  j = 1   J       v   j     n   j i     ≤ 0   i = 1 , … , I             u   t   ,   v   j   ≥ 0  j = 1 , … , J ; t = 1 , … , T       ρ   is   free       



(1)







In this model,     u   t     and     v   j     represent the weights assigned to the   t  th output and the   j  th input, respectively, playing a crucial role in determining the relative importance of each input and output in the efficiency assessment process. Moreover, the values of     n   j i     and     m   t i     hold significance, where     n   j i     denotes the value of the   j  th input for the   i  th DMU and     m   t i     signifies the value of the   t  th output for the same DMU, serving as the actual data for inputs and outputs used in the efficiency calculation. These values form the foundation upon which DEA evaluates the performance of DMUs. The primary objective of DEA is to ascertain the effectiveness of each DMU, with a DMU being deemed effective when its technical efficiency (    E   k    ) equals 1. This signifies that the DMU is operating optimally, utilizing its inputs fully to generate the desired outputs without inefficiencies, thereby serving as a benchmark for others to emulate, indicative of exceptional performance and operating at the frontier of its production possibility.




3.2. Prospect Theory


Introduced by Kahneman and Tversky in 1979 [35], prospect theory has emerged as a foundational concept in behavioral economics, permeating numerous disciplines [36,37]. This theory delineates three key principles governing human decision making. Firstly, individuals evaluate gains and losses in relation to a reference point rather than absolute values, shaping their perception of outcomes—a concept known as reference dependence. Secondly, the theory highlights loss aversion, revealing that individuals are typically more sensitive to losses than equivalent gains, resulting in an asymmetrical impact on decision-making processes. Finally, prospect theory suggests diminishing sensitivity, indicating that individuals exhibit risk-seeking behavior in scenarios of potential losses but tend to be risk averse when facing potential gains, underscoring how the marginal utility of wealth decreases as wealth increases.



These principles collectively underpin the prospective value function, graphically represented by an asymmetrical S-shaped curve. This function embodies reference dependence, loss aversion, and diminishing sensitivity, providing a visual framework for understanding decision-making processes. Mathematically expressed as Equation (2), the value function (  f   Δ t    ) incorporates parameters such as   γ  ,   δ  , and   θ   to quantify decision makers’ attitudes towards risk and loss aversion. By leveraging these parameters, the equation offers a quantitative model for analyzing human behavior influenced by prospect theory, facilitating predictive insights across diverse decision-making scenarios [38]. In Equation (2),   Δ t   represents the difference in value with respect to the reference point. If   Δ t   is positive, this difference is considered a gain and it is calculated into the value function corresponding to the level of concern the decision maker has for gains (  γ  ). Conversely, if   Δ t   is negative, it is included in the value function based on the decision maker’s level of concern about losses (  δ )  . Furthermore, losses can also be mitigated depending on the psychological behavior of the decision maker calculated through the loss aversion coefficient (  θ  ).


  f   Δ t   =          Δ t     γ     , ∀ Δ t ≥ 0 ;   0 < γ < 1     −   θ   − Δ t     δ     , ∀ Δ t < 0 ;   0 < δ < 1       



(2)








3.3. The Behavioral DEA Model


Chen et al. have innovatively applied prospect theory principles to the domain of DEA, introducing a novel approach to assessing efficiency with a consideration of risk [39]. This novel behavioral DEA model unfolds through distinct steps tailored to capture the cognitive intricacies inherent in decision making under risk and uncertainty.



The initial step involves the normalization of inputs and outputs (    x   j i     and     y   i j    , respectively), as delineated by Equations (3) and (4). Normalization plays a pivotal role in enabling a fair comparison among varied decision-making units, effectively accommodating the inherent biases and subjectivity inherent in human decision-making processes.


     x   j i   =     n   j i   m a x   −   n   j i       n   j i   m a x   −   n   j i   m i n         i = 1 , … , I ; j = 1 , … , J   



(3)






     y   t i   =     m   t i   −   m   t i   m i n       m   t i   m a x   −   m   t i   m i n         i = 1 , … , I ; t = 1 , … , T   



(4)







The second step entails the identification of reference points to integrate the psychological aspects emphasized by prospect theory into the model. Both positive and negative reference points are identified to comprehend how individuals perceive and respond to gains and losses. These reference points, as depicted in Equations (5) and (6), serve as crucial benchmarks against which gains and losses are assessed, aligning with the reference dependence principle elucidated in prospect theory.



The positive reference points (    n   j   +     a n d     m   t   +   )  :


    n   j   +   =     min   i    ⁡  (   x   j i   )   ;   m   t   +   =     max   i    ⁡  (   y   t i   )    



(5)







The negative reference points (    n   j   −     a n d     m   t   −   )  :


    n   j   −   =     max   i    ⁡  (   x   j i   )   ;   m   t   −   =     min   i    ⁡  (   y   t i   )    



(6)







In the third and final step, the behavioral DEA model is formulated, as delineated in Model (7). This model integrates the normalized inputs and outputs, reference points, and the principle of diminishing sensitivity, which reflects individuals’ responses to gains and losses. The coefficient   φ   holds significance within this framework, representing the relative weight assigned to gains compared to losses. A value of 0.5 for   φ   denotes an equal consideration of gains and losses, indicating a balanced approach by decision makers. In model (7), the objective function is divided into two parts. The first parentheses are the gains, and the second parentheses describe the losses of each DMUs. The basis of this objective function is developed from the idea of expected value discussed in Equation (2). Meanwhile, the constraints of the model comply with the principles of the traditional DEA model as presented in Model (1).


       M a x i m i z e   Z = φ   ρ +    ∑  t = 1   T       u   t k         y   t k   −   m   t   −       γ     +    ∑  j = 1   J       v   j k         n   j   −   −   x   j k       γ              −   1 − φ     ρ +    ∑  t = 1   T       u   t k   θ       m   t   +   −   y   t k       δ     +    ∑  j = 1   J       v   j k   θ       x   j k   −   n   j   +       δ              S u b j e c t   t o           ∑  j = 1   J       v   j k     n   j k     = 1        ρ +    ∑  t = 1   T       u   t i     m   t i     −    ∑  j = 1   J       v   j i     n   j i     ≤ 0  i = 1 , … , I         u   t i   ,     v   j i   ≥ 0 , ρ     is   free  j = 1 , … , J ; t = 1 , … , T ; i = 1 ,   … , I      



(7)









4. Numerical Results


4.1. Problem Description


The pursuit of renewable energy efficiency in Northern European countries, including Denmark, Estonia, Finland, Iceland, Ireland, Latvia, Lithuania, Norway, Sweden, and the United Kingdom, has been underscored by the unique challenges and opportunities presented by their geographical and socio-economic conditions. Despite these countries’ commendable strides towards integrating renewable energy into their national grids, there remains a significant problem: the optimization of renewable energy efficiency varies widely across this region. Moreover, the pressing need to transition from fossil fuel dependency to sustainable energy sources has highlighted the urgency of addressing these efficiency variances. The challenge, therefore, lies in identifying and implementing strategies that can elevate the efficiency of renewable energy conversion processes, ensuring that these nations not only meet but exceed their ambitious sustainability targets. This backdrop sets the stage for the proposed study, aiming to delve into the efficiency dynamics of renewable energy conversion within these Northern European countries, employing a comprehensive DEA model to uncover insights that could guide future enhancements in the sector.



In the assessment of renewable energy conversion efficiency within the Northern European context, a set of indicators has been meticulously selected according to references for integration into the proposed behavioral DEA model, where each is assigned a specific role as either an input or an output [14,40,41,42,43,44,45,46]. As shown in Figure 1, traditional energy production (Input 1), quantified through the gigawatt-hours (GWh) of electricity generated from fossil fuels, has been included as an input to serve as a foundational comparison point for the efficiency of renewable sources. This is augmented by the inclusion of the population size (Input 2) of the region, which is utilized to contextualize the demand for energy, thereby providing a backdrop against which the necessity for energy solutions is understood. Furthermore, the environmental repercussions of energy production processes are encapsulated through an indicator that represents the economic impact of particulate emissions (Input 3), calculated as a percentage of the Gross National Income (GNI), thereby underscoring the environmental costs associated with energy production.



On the spectrum of outputs within our model, the focus is directed towards the electricity output derived from renewable sources (Output 1), also measured in GWh, to directly gauge the volume of clean energy generated. The economic impact of energy production and consumption is captured through the Gross Domestic Product (GDP) (Output 2), expressed in current US dollars, which serves as a linkage between energy efficiency and economic prosperity. Moreover, the proportion of renewable energy within the total energy consumption (Output 3) mix is incorporated as an output indicator, reflecting the degree of adoption and integration of renewable sources into the energy landscape, thereby making strides towards achieving sustainability goals.




4.2. Data Collection and Behavioral DEA Application


The study leverages an array of robust data sources to underpin its analysis of renewable energy efficiency in Northern European countries, notably drawing from the World Bank [47], the International Energy Agency (IEA) [48,49], and the International Renewable Energy Agency databases [50,51]. These repositories are renowned for their comprehensive and reliable datasets on global energy statistics.



The comprehensive process of data gathering and its subsequent synthesis have been meticulously documented in Table 1. This initial step set the foundation for the analysis, whereupon the collected data pertaining to the inputs and outputs were subjected to a normalization process, as delineated by Equations (3) and (4), with the normalized figures being systematically presented in Table 2. Following this preparatory phase, the study advanced to the application of the behavioral DEA model, as specified in model (7), which serves as the analytical tool for assessing the efficiency levels across the surveyed countries. The intricate process of efficiency calculation, employing the behavioral DEA model, takes into consideration a set of predefined psychological behavioral parameters. These parameters—  φ   set at 0.5,   θ   at 2.25,   γ   at 0.85, and   δ   at 0.92—play a crucial role in the model, reflecting the psychological dimensions incorporated into the efficiency analysis.



The results derived from this sophisticated calculation are then graphically represented in Figure 2, offering a visual depiction of the efficiency outcomes across the countries under study. This visual representation not only highlights the efficiency scores determined by the behavioral DEA model but also illustrates the impact of incorporating psychological behavioral parameters into the analysis, as corroborated by references [35,52,53]. Through this detailed approach, the study endeavors to provide a nuanced understanding of efficiency in the context of renewable energy utilization among Northern European countries, accounting for the behavioral factors that influence decision-making processes within this domain.



The efficiency results for renewable energy conversion in Northern European countries present a diverse picture, with efficiency scores ranging notably from as low as 0.046 to an exceptional high of 4.311. Different from traditional DEA models, the DEA model proposed in this study considers the effects of gains and losses at the same time. When the decision maker’s psychology focuses on losses more than gains (reflected through the psychological behavior coefficient), the value of the objective function in the proposed DEA model can be negative. This leads to the proposed DEA model being unsolvable. To overcome this problem, a positive constant is added to the objective function, as   ρ   in model (7). This is to ensure that the proposed DEA model can solve and describe the difference in efficiency between DMUs. Therefore, the efficiency of DMUs by the proposed DEA model can be larger than 1. Furthermore, this also addresses the situation where two or more DMUs have an efficiency of 1. This makes it impossible to rank or provide more detailed assessments.



The majority of the countries, including Denmark, Estonia, Finland, and Ireland, display a median efficiency score of 0.500. This uniformity suggests these countries are at an average efficiency level, potentially utilizing half of their renewable energy capacity when benchmarked against best practices within the data set. Lithuania, Norway, and Sweden are marginally below this median mark with a score of 0.499, indicating they are very close to their peers in terms of efficiency and might require minimal interventions to enhance their performance. In stark contrast, Iceland’s efficiency score stands at 0.046, signaling a significant efficiency gap compared to other countries in the study. This low score may reflect unique national challenges that hinder efficient renewable energy conversion, necessitating a detailed investigation into potential technological, infrastructural, or policy improvements. On the other end of the spectrum, Latvia’s outlier score of 4.311 is remarkably high, exceeding the conventional DEA score range and suggesting a highly effective renewable energy sector, though this anomalous value could also prompt a verification of data integrity and model specifications to confirm its accuracy.



The United Kingdom slightly exceeds the median with a score of 0.508, hinting at a relatively more efficient renewable energy conversion process compared to most of its regional counterparts. The consistency in the median scores and Latvia’s extraordinary efficiency call for a critical review of the DEA model’s structure, including input–output specification, scale assumptions, and orientation choices. These results underscore the need for both a comprehensive understanding of the factors driving Latvia’s efficiency and a focused analysis of Iceland’s renewable energy strategies to address its efficiency shortfall.




4.3. The Loss Aversion Sensitivity Analysis


In this section, a sensitivity analysis is performed to examine the influence of the aversion loss coefficient (  θ  ) and gain significance coefficient (  φ  ) on the efficiency of the countries. Accordingly, the behavioral DEA model was solved many times with different values of the aversion loss coefficient and gain significance coefficient. The ranking results of the solutions are summarized in Figure 3 and Figure 4.



The ranking results in Figure 3, anchored by an aversion loss coefficient (  θ  ) fixed at 1, reveal the dynamic effects of varying the gain significance coefficient (  φ  ) on the perceived efficiency of renewable energy conversion in Northern European countries. Throughout the range of   φ   from 0.1 to 0.9, Latvia consistently emerges as the most efficient, suggesting that its renewable energy sector is robust against changes in the valuation of gains. Conversely, Iceland persistently ranks at the bottom, indicating that its renewable energy efficiency is lower compared to its regional counterparts, regardless of the psychological weighting of gains. As   φ   increases, depicting a higher valuation of gains, the rankings of countries like Finland improve, pointing to a positive response in its renewable energy sector to the increasing importance of gains. This could reflect a scenario where Finnish policies or technologies gain greater efficacy under conditions where gains are more significantly valued. Meanwhile, the rankings of Sweden and Norway exhibit a distinct variability, improving at intermediate   φ   values but decreasing at higher φ values, suggesting a non-linear response to the changing valuation of gains. The United Kingdom displays a moderate change in rankings with varying   φ  , suggesting a moderate sensitivity to the valuation of gains in its renewable energy efficiency. Notably, Lithuania’s efficiency ranking fluctuates considerably across the spectrum of   φ  , indicating a more complex relationship between the efficiency of its renewable energy sector and the valuation of gains. These ranking shifts underscore the nuanced impact that behavioral factors can have on the evaluation of energy policy and technology effectiveness. Countries that demonstrate fluctuating efficiency with changes in φ may require a more tailored approach to policy making that aligns with the behavioral tendencies of their energy sectors. The consistency of Latvia’s top-ranking position suggests that it could serve as a model for best practices, whereas Iceland’s consistently lower ranking points to a need for strategic policy interventions to enhance its renewable energy efficiency.



With the aversion loss coefficient (  θ  ) set at 2, indicating a stronger aversion to losses, the sensitivity analysis of the gain significance coefficient (  φ  ) provides an intriguing view into the rankings of renewable energy efficiency across Northern European countries.



The results show that with a higher aversion to loss, the countries’ rankings are influenced variably by the gain significance, as shown in Figure 4. For instance, Latvia’s top rank is consistent across all levels of   φ  , suggesting that its renewable energy sector’s performance is perceived as efficient regardless of the psychological weight placed on gains. This could signify a robust energy policy or a highly effective implementation of renewable energy technologies in Latvia. Iceland, on the other hand, maintains the lowest rank across the board, indicating persistent challenges or inefficiencies in its renewable energy sector. This consistently low ranking could be due to factors such as less favorable natural conditions for renewable energy generation, less developed infrastructure, or policies that are not as conducive to promoting renewable energy efficiency. The rankings for countries like Lithuania and Norway show variability when the gain significance coefficient changes, indicating a fluctuating perception of efficiency as the emphasis on gains shifts. This may suggest that these countries’ renewable energy sectors respond differently to psychological factors, and hence, could benefit from policies that align more closely with behavioral incentives. Sweden and the United Kingdom exhibit interesting patterns; their rankings remain relatively stable at lower φ values, but as φ increases, indicating a higher valuation of gains, their rankings improve. This suggests that these countries might have a good potential for efficiency gains that are not fully realized or valued at lower φ levels.



The changes in rankings for Denmark, Estonia, and Finland as φ increases suggest that these countries’ renewable energy efficiencies may be more sensitive to the valuation of gains. For policy implications, these countries might consider strategies that emphasize the positive aspects of renewable energy investment and focus on the benefits rather than the costs.




4.4. Discussion


This study provides significant insights into the renewable energy conversion efficiency across Northern European countries by integrating behavioral economics into a DEA framework. By applying sensitivity analysis to the gain significance coefficient (  φ  ) while holding the aversion loss coefficient (  θ  ) coefficient, the research highlights the influence of behavioral factors on efficiency rankings among the countries studied. The innovative incorporation of behavioral economics into the DEA model has elucidated the role of psychological factors in energy policy and technology adoption, potentially transforming how policymakers and industry stakeholders approach renewable energy deployment. The sensitivity analysis reveals that the perception of efficiency is affected by the valuation placed on gains, a finding that could influence the design of incentive structures and policy measures aimed at boosting renewable energy use. For instance, the consistent high efficiency of Latvia across various levels of φ suggests that its renewable energy policies are well-aligned with both economic and behavioral incentives. Conversely, the consistently low ranking of Iceland indicates potential areas for policy intervention, perhaps suggesting a need for strategies that better leverage behavioral incentives to drive efficiency improvements. A notable finding is the fluctuation in rankings for countries like Lithuania and Norway at different levels of   φ  . This variability could reflect a unique interplay between existing renewable energy policies and the behavioral tendencies within these countries, signaling an opportunity for tailored policy adjustments that could enhance the efficiency of renewable energy conversion.





5. Conclusions


This study embarked on an exploration of renewable energy efficiency within Northern European countries, a region at the forefront of the global shift towards sustainable energy sources. Recognizing the imperative to transition from fossil fuel dependency to renewable alternatives, this study aimed to quantify and compare the efficiency of renewable energy conversion across Denmark, Estonia, Finland, Iceland, Ireland, Latvia, Lithuania, Norway, Sweden, and the United Kingdom. The primary objective was to evaluate the efficiency of renewable energy conversion, using a robust analytical framework that could inform policy and technology enhancements. The study sought to uncover how different countries perform relative to each other within the context of behavioral factors that influence energy policy and investment decisions.



A DEA model, enhanced with behavioral economics through the inclusion of the aversion loss coefficient (θ) and gain significance coefficient (φ), was employed. This approach allowed for the assessment of renewable energy conversion efficiency while accounting for the psychological dimensions that can impact decision-making processes within energy sectors. The sensitivity analysis revealed distinct patterns of efficiency rankings among the countries, with notable consistency for some and significant variability for others across different values of φ. Latvia consistently ranked as the most efficient, whereas Iceland was persistently at the lower end of the efficiency spectrum. These rankings shifted for other countries with changes in φ, indicating different levels of responsiveness to the psychological valuation of gains in renewable energy investment.



Theoretically, this study expands the DEA methodology by weaving in behavioral economics, providing a richer understanding of the factors driving efficiency in renewable energy. Practically, it offers a comparative analysis that can serve as a benchmarking tool for policymakers and energy sector stakeholders. It lays the groundwork for developing tailored strategies that align renewable energy initiatives with behavioral incentives, potentially enhancing the adoption and effectiveness of these initiatives.



Although the results are robust, the study acknowledges limitations. The DEA model used does not account for the dynamic nature of energy markets or the evolving policy landscape, which could significantly impact efficiency. Furthermore, cultural factors and individual country policies are not specifically accounted for, which may influence the interpretation of the behavioral parameters used in the model. Given these considerations, further research is warranted. Future studies could expand upon this work by incorporating dynamic models that track efficiency over time, explore the impact of individual renewable energy types, and consider country-specific behavioral factors. Qualitative analyses could also be valuable, providing a richer context for the quantitative findings and helping to understand the nuanced influences on renewable energy efficiency.
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Abbreviations




	Notation/Acronyms
	Description



	DEA
	Data Envelopment Analysis



	RE
	Renewable energy



	IEA
	The International Energy Agency



	EU
	the European Union



	ICT
	Information and Communication Technology



	MCDM
	Multi-Criteria Decision-Making



	CCR model
	Charnes, Cooper and Rhodes model



	BCC model
	Banker, Chames and Cooper model



	DMUs
	the Decision-Making Units



	GWh
	gigawatt-hours



	GDP
	the Gross Domestic Product



	US
	The United States



	     E   k     
	Technical efficiency of   k  th DMU



	   I   
	Number of DMUs



	   J   
	Number of input indicators



	   T   
	Number of output indicators



	     u   t     
	The weight assigned to the   t  th output of DEA model



	     v   j     
	The weight assigned to the   j  th input DEA model



	     m   t i     
	The value of the   t  th input for the   i  th DMU



	     n   j i     
	The value of the   j  th input for the   i  th DMU



	   ρ   
	The non-negative adjustment constants



	   Δ l   
	The difference in value with respect to the reference point according to Prospect theory



	   γ   
	The decision-makers’ attitudes towards gains



	   δ   
	The decision-makers’ attitudes towards losses



	   θ   
	The loss aversion coefficient



	     x   j i     
	The normalized value of     n   j i    



	     y   t i     
	The normalized value of     m   t i    



	     n   j   +     
	The positive reference points for inputs



	     m   t   +     
	The positive reference points for outputs



	     n   j   −     
	The negative reference points for inputs



	     m   t   −     
	The negative reference points for outputs



	   φ   
	The gain significance coefficient



	   Z   
	The behavior DEA model’s objective function value
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Figure 1. The behavioral DEA model application. 
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Figure 2. The renewable energy efficiency in Northern European with default psychological behavioral parameters. 
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Figure 3. The ranking results with   θ = 1  . 
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Figure 4. The ranking results with   θ = 2  . 
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Table 1. The renewable energy performance indicators in Northern European 2021.
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