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Abstract 
This study examines the determinants of economic growth in the 27 countries with the 

highest GDP during the period 2008–2020. The analysis employs new-generation 

panel data methods that account for cross-country common shocks, spillover effects, 

and structural differences. In this context, the relationship between economic growth 

and artificial intelligence readiness, renewable energy use, the level of 

industrialisation, and the unemployment rate has been tested. The findings indicate 

that technological capacity and advancements in artificial intelligence support growth 

through the channels of productivity, innovation, and total factor productivity. The use 

of renewable energy, meanwhile, contributes to growth by reducing production costs, 

strengthening energy security and encouraging environmentally sustainable 

investments. Whilst industrialisation emerges as one of the key drivers of growth 

through economies of scale and increased value added, unemployment constrains 

growth due to idle labour and weak domestic demand. The results indicate that R&D, 

digital transformation, renewable energy infrastructure, industrial policies and 

inclusive employment strategies must be strengthened in tandem to ensure long-term 

stability. 
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Öz 
Bu çalışma, 2008-2020 döneminde en yüksek GSYH’ye sahip 27 ülkede ekonomik 

büyümenin belirleyicilerini incelemektedir. Analizde, ülkeler arası ortak şoklar, 

yayılma etkileri ve yapısal farklılıkları dikkate alan yeni nesil panel veri yöntemleri 

kullanılmıştır. Bu kapsamda, ekonomik büyüme ile yapay zekâ hazırlığı, yenilenebilir 

enerji kullanımı, sanayileşme düzeyi ve işsizlik oranı arasındaki ilişki test edilmiştir. 

Bulgular, teknolojik kapasite ve yapay zekâdaki gelişmelerin verimlilik, inovasyon ve 

toplam faktör verimliliği kanallarıyla büyümeyi desteklediğini göstermektedir. 

Yenilenebilir enerji kullanımı ise üretim maliyetlerini azaltması, enerji güvenliğini 

güçlendirmesi ve çevresel sürdürülebilir yatırımları teşvik etmesi yoluyla büyümeye 

katkı sağlamaktadır. Sanayileşme, ölçek ekonomileri ve katma değer artışı üzerinden 

büyümenin temel itici güçlerinden biri olarak öne çıkarken, işsizlik âtıl işgücü ve zayıf 

iç talep nedeniyle büyümeyi sınırlandırmaktadır. Sonuçlar, uzun dönemli istikrar için 

Ar-Ge, dijital dönüşüm, yenilenebilir enerji altyapısı, sanayi politikaları ve kapsayıcı 

istihdam stratejilerinin birlikte güçlendirilmesi gerektiğini göstermektedir. 
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1. Introduction 

Economic literature demonstrates that productivity gains resulting from every major 

industrial and technological advancement have a significant impact on the economy (He, 2019). 

Accordingly, the extraordinary advances in digital transformation since the beginning of the 21st 

century have made artificial intelligence (AI) technologies a crucial driver of economic growth 

(GDP). In particular, AI applications such as machine learning and deep learning have 

significantly increased efficiency in various areas, from manufacturing processes to decision 

support systems (Brynjolfsson and McAfee, 2014). In this context, there is a consensus that AI 

not only impacts sectoral performance but should also be viewed as a strategic factor affecting 

nations' macroeconomic growth capacity (Cockburn et al., 2018). 

Whilst the neoclassical Solow growth model treats technological progress as a vital 

component, endogenous growth theory explains technological change through the economic 

system’s own internal dynamics (Solow, 1956; Romer, 1990; Aghion and Howitt, 1992). In this 

context, AI can be regarded not merely as a new technology, but as a broad technological element 

that influences knowledge production, innovation capacity and the organisation of production. 

Furthermore, according to Wang et al. (2025), AI has significant effects on GDP and 

development. However, at the macroeconomic level, the key factor influencing GDP is not the 

mere presence of AI technology, but the level of readiness that enables its integration into the 

production process. In other words, AI readiness influences the growth process through 

complementary factors such as digital infrastructure, a skilled workforce, data processing 

capabilities, institutional coherence and innovation ecosystems. Initially, this level of readiness 

can enhance total factor productivity by automating production processes, strengthening decision-

making mechanisms, and improving the efficiency of resource allocation. Research conducted by 

Graetz and Michaels (2018) supports this channel by demonstrating a correlation between smart 

automation technologies and increases in productivity. Furthermore, AI readiness can facilitate 

the development of high-value-added production structures by enabling companies to create new 

products and process innovations, thereby contributing to an increase in long-term growth 

potential. Furthermore, the impact of AI on GDP is also manifested through the labour market. 

Accordingly, in economies capable of adapting to technology, skills mobility and the reallocation 

of labour support productivity gains, whereas in less adaptable structures, short-term input-output 

mismatches, labour substitution and transition costs may arise. Consequently, the impact of AI 

on GDP is neither linear nor automatic. This impact is characterised by complexity and variability. 

The findings of Qin et al. (2024), however, highlight the short-term adjustment pressures present 

in the labour market, emphasising the necessity of theoretically explaining these transition costs. 

In conclusion, this study aims to examine AI readiness as a key determinant of GDP, not only to 

account for the existence of technological advancements but also to explain the complementary 

capacity framework that enables these advancements to translate into macroeconomic growth. 

AI is not the only factor affecting GDP. In addition to AI, the literature reveals several 

factors that have the potential to affect GDP. These include renewable energy (REN), 

industrialization (IND), and unemployment (UNMP). An examination of the empirical literature 

on the relationship between energy consumption (EC) and GDP reveals four different hypotheses 

regarding the relationship between EC and GDP (Lee, 2006; Bowden and Payne, 2010; Apergis 

and Payne, 2010; Ozturk, 2010; Tugcu et al., 2012): 
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The growth hypothesis describes a situation where EC contributes significantly to the 

process of GDP, either directly or in conjunction with capital and labor. Consequently, energy 

conservation policies aimed at reducing EC may negatively impact GDP. 

The conservation hypothesis suggests that the consumption of energy resources is driven 

by GDP. Therefore, energy conservation measures that might restrict energy use will not 

negatively impact GDP. 

The feedback hypothesis posits a reciprocal relationship between EC and GDP. With this 

hypothesis, energy conservation policies aimed at reducing EC may negatively impact GDP 

performance, and similarly, fluctuations in GDP may also impact EC. 

The neutrality hypothesis posits that EC does not affect GDP. Consequently, initiatives 

focused on energy conservation will not negatively impact GDP. 

The escalating importance of sustainable development has led to a greater interest in 

exploring the potential effects of REN sources on GDP, as opposed to traditional fossil energy 

sources. This has led to REN being recognized as one of the most important components of global 

EC (Tugcu et al., 2012). Therefore, investigating the impacts of REN on GDP in line with 

sustainable development goals is receiving increasing attention in the academic literature. In 

particular, the use of REN not only reduces environmental problems but also supports GDP by 

increasing energy supply security in the long term (Sadorsky, 2009; Apergis and Payne, 2010). 

In this context, encouraging investments in REN and minimizing the share of fossil fuels in the 

energy portfolio is seen as an important strategy for achieving both environmental sustainability 

and sustainable GDP (Tugcu et al., 2012). 

When the theoretical link between the IND and GDP is examined, it has long been 

recognized that the IND has been one of the most important driving forces behind GDP. For 

example, Adam Smith based his famous example on the division of labor and specialization of 

the industrial sector, arguing that this division of labor increases economic productivity and, thus, 

welfare (Smith, 1937). Similarly, Solow (1956) stated that the primary sources of long-term GDP 

are capital accumulation and technological development. Furthermore, he emphasized that the 

IND is the driving force of technological advances. Regarding modern growth theories, the 

locomotive of GDP can be said to be manufacturing, according to Kaldor (1966); the IND, driven 

by innovation and entrepreneurship, according to Schumpeter (1942); and finally, structural 

transformation and the IND, according to Rodrik (2007). Finally, when examining the UNMP-

GDP relationship from a theoretical perspective, four fundamental approaches stand out. The first 

of these is Okun's Law. This law states that there is a negative relationship between GDP and 

GDP growth, and that UNMP will increase if the economy grows below its potential. Second, 

according to classical and neoclassical scholars, GDP is determined by the "natural rate" in the 

long-term. Friedman (1968) and Phelps (1967) developed this idea further, arguing that monetary 

and fiscal policies cannot have a permanent impact on GDP in the long-term. Third, there is the 

Keynesian view. Keynes (1936) argued that aggregate demand affects GDP and argued that GDP 

increases when demand is insufficient. Therefore, it can be concluded that GDP can be supported 

and GDP can be reduced by implementing expansionary fiscal and monetary policies. Finally, 

according to prominent proponents of endogenous growth theory such as Romer (1986) and Lucas 

(1988), technological progress, human capital, and innovation are the primary factors affecting 

long-term GDP. Therefore, investments in education, R&D, and technology play a vital role in 

promoting sustainable growth and employment creation. 
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In line with the above, the fundamental aim of this study is to examine the long-term impact 

of AI and REN on GDP for the period 2008-2020 in the 27 countries with the top per capita GDP. 

The study also controlled for the long-run effects of IND and UNMP. There are several reasons 

for testing this study on a sample of 27 countries. First, a significant portion of the mentioned 

countries is high-income, as they are members of the OECD and the EU. Accordingly, the World 

Bank's (2023) classification, GDP of these countries exceeded the US$40.000 (per capita) 

threshold by 2022. High-technology-rich production systems, a ratio of R&D expenditures to 

GDP ranging from 2% to 4% (OECD, 2022), and leading roles in the field of AI in digital 

transformation processes (Brynjolfsson and McAfee, 2017) make these countries a suitable 

sample for investigating new factors affecting GDP. Moreover, the selected countries are also 

taking a global leadership role in the energy transition. Accordingly data from the International 

Energy Agency (IEA, 2023), approximately 34% of total electricity generated in OECD countries 

in 2022 came from renewable sources. This figure exceeds 60%, particularly in countries like 

Norway, Sweden, Finland, and Denmark. This makes it crucial to examine the impact of REN on 

GDP in this group of countries. The reason for focusing on this group of countries goes beyond 

the points mentioned above. The fundamental rationale lies in the fact that, for the effects of AI 

on GDP to materialise, these economies must possess a more robust foundation of advanced 

digital infrastructure, a skilled workforce, institutional capacity, high-quality governance and the 

integration of other digital technologies. In fact, OECD findings reveal that the use of AI is 

particularly widespread among large, technology-focused and more productive firms, and that the 

productivity gains provided by AI are closely linked to complementary firm assets and 

institutional capacity (Calvino and Fontanelli, 2023). Similarly, the REN transition represents not 

merely a shift in the energy mix, but also a structural transformation requiring long-term policy 

commitments, grid investments, financing capacities and regulatory coordination (IEA, 2024). 

Consequently, the selected sample provides a suitable empirical framework in which the effects 

of AI readiness and the REN transition on GDP are more pronounced, comparable, and 

measurable, within an environment where technological and institutional complementarities are 

significantly aligned. Unlike conventional growth regressions that aim to include a large number 

of control variables, this study adopts a structurally grounded and conceptually focused empirical 

design. The model is intentionally constructed to reflect the key transmission channels through 

which the transformation towards sustainable growth operates in advanced economies. In this 

context, AI readiness, REN, industrialization, and UNMP are not treated as isolated determinants 

but as interrelated structural dimensions of a broader transformation process. More specifically, 

AI readiness represents the technological and innovation capacity that drives productivity and 

digital transformation; REN captures the shift towards a low-carbon and sustainable energy 

structure; IND reflects production capabilities and structural change; and UNMP represents labor 

market adjustment costs associated with this transformation. Therefore, the empirical model 

should not be interpreted as a simple growth regression, but rather as a reduced-form 

representation of the core mechanisms linking technological transformation, structural change, 

and sustainable economic growth. This approach allows the study to empirically operationalize 

the multidimensional concept of sustainable growth within a parsimonious and econometrically 

tractable framework, thereby ensuring consistency between the conceptual motivation presented 

in the introduction and the empirical strategy implemented in the analysis. 

This research enriches the prevailing literature in several ways. i) To the authors' 

knowledge, this is the first study to test the effects of AI and REN on GDP for the 27 countries 
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with the highest GDP per capita. ii) To avoid variable bias, the study also tested the effects of 

IND and UNMP on GDP. This aimed to obtain empirically consistent results. iii) All approaches 

used in the empirical methodology of this study are robust to cross-sectional dependence (CSD) 

and slope heterogeneity (SH). These approaches are superior and more consistent than traditional 

approaches that ignore these issues. In this context, the robustness of the empirical methodologies 

used for CSD and SH could prevent potentially biased results and ensure more consistent policy 

implications. 

The second section, which follows the study, provides an in-depth discussion of the 

relevant literature. The third section presents the empirical model, presenting the dataset in the 

second stage. The pre-test findings are then presented. The ultimate segment of the third section 

details the empirical findings together with the methodological framework. The fourth section 

elaborates on discussions and policy recommendations that stem from the findings. The 

concluding section of the study culminates with a conclusion.  

 

2. Literature Review 

This study examines the impact of AI, REN, and industrial development on sustainable 

growth. Previous studies generally show that the effect of AI on sustainable growth is unclear, 

that the impact of REN on sustainable GDP can vary in different directions, and finally, that there 

are very few studies examining the effect of industrial development on sustainable GDP. 

 

2.1. The Impact of AI on GDP and Sustainable Development 

The impact of AI on GDP and sustainable growth is often debated. Generative AI based on 

machine and deep learning can improve decision-making processes by enabling rapid access to 

accurate information, increasing workforce productivity, and ensuring operational excellence 

(Lăzăroiu and Rogalska, 2023). Improving decision-making processes can increase the efficiency 

of operations, reduce costs, and improve resource allocation. Increased productivity can lead to 

increased production and, consequently, economic expansion (Batabyal et al., 2025). However, 

previous research showed that despite the proliferation of AI systems and rapid advances in 

technology, productivity has halved over the past decade (Brynjolfsson et al., 2017). Qian et al. 

(2023), however, reached findings to the contrary. The authors examined the impact of AI on 

green GDP for different provinces in China. Authors showed that AI boosts productivity by 

30.59%, thereby promoting green GDP. Authors argued that AI not only improves production 

methods but also contributes significantly to decoupling GDP from environmental impacts. Zhao 

et al. (2022) investigated the impact of AI on green GDP in China. The authors found that the 

effect of AI on total factor productivity is U-shaped. Moreover, the authors demonstrated that 

green technological advances can contribute to sustainable GDP in China by enabling green 

growth. The conflicting findings necessitate a detailed examination of AI's positive impacts on 

sustainability and the identification of its direct and indirect effects on GDP. 

Kwilinski et al. (2024) examined the linkage between AI and green GDP in EU countries 

for the period 2012-2022. The authors used the panel GMM method to determine that AI increases 

green GDP through knowledge accumulation and technological advances. Kumar et al. (2024) 

analyzed 307 Micro, Small, and Medium-Scale Enterprises (MSMEs) using Structural Equation 

Modeling and determined that AI contributes to the growth of SMEs and, consequently, to GDP 
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by contributing to innovation, accelerating information flow, and ensuring the efficient use of 

labor. Examined data collected from 310 individuals in India using quantitative research methods. 

The authors found that AI is a significant determinant of sustainable GDP. Authors demonstrated 

that AI positively impacts sustainable competition and sustainable growth by enhancing the 

business value of information systems. Kwilinski et al. (2024), Behera et al. (2023), and Kumar 

et al. (2024) assessed the effects of AI on GDP through the efficient dissemination of information, 

but overlooked the energy requirements caused by AI use.  

He (2019) demonstrated that AI is a key determinant of GDP in China's 31 provinces and 

stated that AI investments are a catalyst for GDP. However, while the authors focused on the 

benefits of AI investments, they overlooked the environmental impacts caused by these 

investments and how firms are ready to use AI technologies. Similarly, Babina et al. (2024) 

examined the impact of AI technologies on GDP and found that AI investments are increasing 

across all sectors. The authors reported that companies investing in AI have increased their sales 

through innovation and achieved a significant increase in market valuation. The authors stated 

that AI investments contribute to GDP by increasing companies' market value. The authors 

highlighted the potential for AI investments to contribute to GDP by increasing firm value, but 

did not offer a conclusion on how the energy required for AI investments should be met. 

Saba and Monkam (2025) used the CS-ARDL method to show that AI supports GDP in G7 

countries in the short and long term. The authors argued that AI makes a significant contribution 

to ensuring sustainable growth in these countries due to their high levels of IND, political stability, 

and high living standards. While the authors considered sustainability in terms of ensuring living 

standards and political stability, they did not consider the use of clean energy in conjunction with 

AI.  

Makridis and Mishra (2022) found a significant relationship between AI job growth and 

GDP in the US. The authors demonstrated that economic development is higher in US states with 

high AI job growth. The authors showed that AI job growth contributes to increased GDP, thereby 

contributing to increased overall welfare and social welfare. The authors, by focusing on AI-based 

jobs and considering the supply side of AI, have overlooked the skills of AI users in utilizing this 

technology. Studies on the use of AI are quite limited. Dong et al. (2025) examined the linkage 

between the growth rates of publicly traded companies and AI technologies between 1975 and 

2023 based on data obtained from CRSP-Compustat. Panel regression analysis showed that as AI 

technologies become more affordable, they become more widely used by companies, and that 

large-scale companies in particular are increasing their growth rates by leveraging AI. Although 

the authors showed that the use of AI contributes to sustainability by increasing company output, 

they overlooked the effects of readiness for AI readiness. Liengpunsakul (2021) emphasized the 

role of AI readiness in achieving the SDGs in 193 developed, developing, and least developed 

countries. The authors demonstrated that AI contributes to achieving the SDGs in economic and 

social dimensions. Although Liengpunsakul (2021) considered the effects of AI readiness, the 

energy consumption required by AI was overlooked. 

Previous studies have shown that the type of AI also has an impact on sustainability. Lee 

and Oh (2020) analyzed patents in the field of AI obtained from the US Patent Office using text 

mining methods. Authors identified pattern recognition, machine learning platforms, and natural 

language processing models as mature AI technologies contributing to sustainable GDP, while 
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augmented reality, image recognition, and identification technologies are considered promising 

technologies. 

In addition, the impact of AI on sustainability has been examined within the framework of 

circular economy and natural resource management. Yeh et al. (2021) examined the impact of AI 

on SDGs in Taiwan through surveys administered to 1.018 individuals. Authors demonstrated 

that AI in the fields of circular economy and energy plays a catalytic role in achieving the SDGs. 

Wang and Li (2023) examined the impact of AI on natural resource management and sustainable 

growth in China for the period 1981-2021. The authors have demonstrated that the NARDL 

method increases GDP and development, while also contributing to sustainable GDP by 

improving natural resource management. The authors demonstrated that the NARDL method 

increases GDP and development, while also contributing to sustainable GDP by improving 

natural resource management. Although Yeh et al. (2021) and Wang and Li (2023) considered 

the positive effects of AI on the circular economy and natural resource management, they 

overlooked the demand side of AI. Therefore, it is necessary to evaluate the environmental 

impacts of AI from both the supply and demand sides and to conduct a comprehensive assessment, 

taking into account both its positive and negative effects. 

Pueyo (2018) developed a benefit- and cost-based perspective, arguing that AI exceeding 

the benefits provided by human intelligence increases the socio-ecological impacts on GDP. 

However, this perspective was limited, and the effects of AI readiness were overlooked. 

 

2.2. The Impact of RE on Sustainable Growth 

Research examining the impact of REN on sustainable growth yielded varying findings. 

Furthermore, the effects of REN have not been evaluated in conjunction with AI, which generally 

has high energy requirements. Wang et al. (2023) demonstrated that REN is the driving force 

behind green growth in BRICS countries during the period 1990-2019, and that the impact of 

REN sources on sustainable GDP is more pronounced in economies experiencing high growth. 

The authors, while demonstrating that REN contributes to sustainable growth, also draw attention 

to the use of renewable energies in high-income countries, noting that this effect is more 

pronounced in these nations. Therefore, it would not be wrong to assume that the effects of REN 

may vary from country to country.  Zulfadli et al. (2025) found that there are significant country-

specific differences in REN consumption in E7 countries during the 2017-2021 period and that 

REN consumption supported by government subsidies contributed to sustainable GDP. Kamoun 

et al. (2019) showed that REN innovations positively affect net savings in 13 OECD countries 

during the 1999-2013 period, supporting sustainable growth. This research aims to reveal more 

clearly the impact of REN on high-income countries, an issue often overlooked in the literature, 

by focusing on the 27 countries with the highest GDP. 

Studies conducted on developed countries in the literature also yielded conflicting results. 

Armeanu et al. (2017) examined the impact of different REN sources on sustainable growth in 28 

EU countries for the period 2003-2014 using panel data methods. The authors found that a 1% 

increase in REN production increases per capita GDP by an average of 0.05-0.06%. The findings 

indicated that biomass energy is the REN source that contributes most to sustainable growth. 

Accordingly, a 1% upsurge in biomass energy increases sustainable growth by 0.16%. Despite 

these positive effects, the authors point out that the EU has fallen short of its REN usage targets. 
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Güney (2019) investigated the impact of renewable and non-renewable energies on GDP in 40 

developed and 73 developing countries. Analyses indicated that the use of REN sources supports 

sustainable growth at a much higher rate compared to the use of non-REN sources. While this 

finding focuses on the positive effects of REN on growth, the failure to differentiate between 

countries based on their levels of development is considered a significant shortcoming. 

Pata et al. (2024) explored the REN-based growth hypothesis for the period 1961-2018 in 

the US. The authors emphasized the importance of sustainable GDP, arguing that REN can 

contribute to GDP without causing environmental pollution. Although the author focuses on the 

impact of REN on the US, a developed country, the fact that the analysis was conducted during a 

period when REN use was very low constitutes a weakness in the study's findings. 

Several studies also examine the impact of REN in developing countries. Chen et al. 

(2022a) investigated the link between REN sources and GDP in Asian countries during the period 

1992–2018. The authors found that REN sources contributed to GDP by reducing CO2 emissions. 

They stated that the shift from polluting energy sources to hydroelectric, solar photovoltaic, wind, 

geothermal, and biomass energy sources in Asian countries met the increasing energy demand 

and supported sustainable GDP. Although the authors focused on the relationship between REN 

and energy demand, the relationship between AI and energy demand was overlooked. Wang et 

al. (2022) found that the use of REN sources in selected Asian countries supports sustainable 

GDP. In addition, the authors stated that different countries in Asia focus on different REN 

sources and formulate their REN policies within this framework. Oh et al. (2018) stated that REN 

has the potential to contribute to sustainable growth in Malaysia, but that there has been no 

significant transformation in Malaysia's energy sources since 2010, and therefore, this 

transformation must be accelerated in order to achieve sustainable growth. Ahmed and Shimada 

(2019) showed that REN is an important determinant of sustainable GDP in 30 developing 

countries. The authors found that there is a two-way causal relationship between REN and 

sustainable GDP, and therefore, the feedback hypothesis is valid for developing countries. 

Therefore, it is observed that developing countries differ significantly from developed countries 

in terms of REN use and may have lower usage rates. For this reason, it is important to consider 

that the results regarding developed countries differ from those of developing countries. This fact 

may be causing REN to be ineffective in improving environmental health. Yue et al. (2022) found 

that REN use is one of the fundamental ways to achieve GDP without causing environmental 

pollution in five selected island countries (Indonesia, Japan, the Philippines, the United Kingdom, 

and Australia), but that REN use is currently insufficient to reduce emissions. Khan et al. (2025) 

found that REN negatively affected long-term GDP in Pakistan between 1990 and 2023 and led 

to energy inefficiency. In summary, the outcomes of REN differ for developing and developed 

countries. Chen and Bian (2023) examined the impact of REN use on green growth in China 

during the period 1988-2020. The authors demonstrated that wind and solar energy investments 

support sustainable GDP in China. Pal and Dalei (2025) found that increasing the use of REN 

sources in 16 countries in the Asia-Pacific region can boost GDP by reducing emissions, thereby 

supporting sustainable GDP. 

Chou et al. (2023) evaluated the results of 6,794 research articles through bibliometric 

analysis. Based on the results of 6,794 research articles, the authors stated that the use of REN 

plays an important role in accelerating sustainable economic transformation.  
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2.3. The Impact of Industrial Development on Sustainable Growth 

The number of studies examining the impact of industrial development on sustainable 

growth is quite limited. Wang and Su (2019) showed that the economic value of IND in China 

between 1990 and 2015 far outweighed the economic impact of the environmental degradation it 

caused. The authors stated that IND achieved through energy-efficient technologies can 

contribute to sustainable GDP. Chikezie Ekwueme et al. (2023) found that IND increased CO2 

emissions in 8 Asian countries. Nulambeh and Jaiyeoba (2024) demonstrated that IND has 

negative effects on the environment in Sub-Saharan African countries, but that IND can contribute 

to sustainable development when supported by the use of REN. Opoku and Yan (2019) found that 

IND is a key driver of sustainable GDP in 37 African countries. 

Jovane et al. (2008) highlighted the role of high value-added, knowledge-based, and 

competitive IND in the transition from traditional GDP to sustainable growth. Parsa et al. (2019) 

found that IND in Iran undermined sustainable growth by increasing environmental degradation. 

Saxena and Khandelwal (2012) found that businesses in India have a positive attitude toward the 

philosophy of green IND and want to contribute to its role in ensuring sustainable growth. 

In summary, the very limited studies examining the impact of IND have generally focused 

on developing countries, neglecting the effects of high IND levels in developed countries on 

sustainable growth. Furthermore, previous research has largely focused on the environmental 

impacts of industrialization, leaving studies examining its impact on growth limited. Moreover, 

these studies have failed to offer a holistic perspective on how to meet the increased energy 

demand accompanying IND through REN. There is a growing body of literature suggesting that 

the impact of technological innovation on REN growth may be nonlinear, threshold-dependent, 

and dependent on broader economic and institutional factors. Technological advancement in REN 

is not solely dependent on technological progress; it also depends on financial development, 

institutional quality, and market incentives (Negro et al., 2012; Noailly and Smeets, 2015). Lee 

and Tang (2022) investigated the impact of technological innovation on REN in their study. Their 

findings emphasize that it is dependent on foreign direct investment, institutional quality, 

financial development, and human capital. Li et al. (2023) conducted a similar study for G10 

countries. Their findings revealed that technological innovation has a relatively weak impact on 

REN below the threshold level. However, the study concluded that the positive impact increases 

when the threshold is exceeded. In conclusion, it is stated that the linkage between technology 

and REN may differ across different stages of development, policy practices, and innovation 

regimes. Investigating the relationship between technological innovation and REN using linear 

and nonlinear ARDL methods, Rong and Qamruzzaman (2022) emphasized the asymmetric effect 

of technological innovation on REN. Using a Markov transition framework, Chen et al. (2022b) 

stated that the relationship between REN and economic growth may differ between economic 

regimes. 

 

3. Data, Model and Results 

3.1. Data and Model  

This study examines the impact of AI, REN, industrialization, and UNMP on GDP in the 

27 countries with the highest GDP between 2008 and 2020. The selected time period (2008–2020) 

is particularly meaningful, as it captures the post-global financial crisis adjustment process as well 
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as the pre-pandemic phase of the global economy. This period reflects a transition phase in which 

advanced economies experienced structural changes in digitalization, energy transformation, and 

labor markets. Therefore, analyzing this interval allows for the assessment of how technological 

readiness, REN, and structural factors influenced economic growth under conditions shaped by 

major global shocks. Detailed information on the variables is presented in Table 1. 

 

Table 1. Summary Information of the Variables 

Variables Description Source 

GDP Log (GDP per capita (constant 2015 US$)) World Bank (2025) 

AI Log (Frontier technology readiness index) UNCTADstat (2025) 

REN Log (Renewables per capita (kWh - equivalent) Our World in Data (2025) 

IND 
Log (Industry (including construction), value added (% of 

GDP)) 
World Bank (2025) 

UNMP Log (UNMP, total (% of total labor force)) World Bank (2025) 

 

The dependent variable used in the econometric analysis was income per capita calculated 

at constant prices. The independent variables were the Frontier Technology Readiness Index (used 

as a proxy for AI-enabling technological readiness), Renewables per Capita, industrial sector 

value added, and UNMP rate. Furthermore, the data for the variables were obtained from the 

World Bank, UNCTADstat, and Our World in Data databases. 

Although the empirical model includes a limited number of explanatory variables, this 

specification is deliberately designed to maintain parsimony and to focus on the core transmission 

channels through which technological transformation affects economic growth. In particular, the 

selected variables-AI-enabling technological readiness, REN, IND, and UNMP-capture four 

fundamental dimensions of modern growth dynamics: technological capability, energy structure, 

production capacity, and labor market conditions. While the growth literature identifies additional 

determinants such as human capital, capital accumulation, institutional quality, and trade 

openness, these factors are either implicitly embedded in the selected variables or exhibit limited 

variation within the relatively homogeneous sample of the world’s largest economies. For 

instance, human capital and innovation capacity are partially captured by the AI proxy through 

its skills and R&D components, while capital accumulation and structural transformation are 

reflected in the IND variable. Similarly, institutional quality and financial development are 

indirectly incorporated into the technological readiness index via its access to finance and 

ecosystem-related components. Moreover, the sample consists of the 27 largest economies, which 

are relatively similar in terms of institutional development, global integration, and 

macroeconomic structures. Therefore, including a large number of additional control variables 

may introduce multicollinearity and reduce degrees of freedom without significantly improving 

explanatory power. In this context, a parsimonious specification is preferred to ensure more stable 

and interpretable coefficient estimates. In addition, the inclusion of this specific time span 

implicitly incorporates the effects of major macroeconomic disruptions, particularly the global 

financial crisis and its aftermath. These shocks may have influenced both the level and dynamics 

of economic growth, as well as the role of technological and structural variables. While the model 

does not explicitly include crisis dummy variables, the use of panel techniques that account for 

CSD allows the estimation to capture common shocks affecting all countries during this period. 

Importantly, this parsimonious structure is not a simplification of the research question, but rather 

a deliberate abstraction that isolates the fundamental pillars of the sustainability transition. By 
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focusing on these four variables, the model captures the interaction between technological 

capability, energy transition, structural production dynamics, and labor market conditions, which 

together form the backbone of sustainable growth processes in advanced economies. Therefore, 

the empirical specification is directly aligned with the conceptual framework of the study, despite 

its reduced-form structure. 

Nevertheless, it is acknowledged that the exclusion of some conventional growth 

determinants may raise concerns regarding omitted variable bias. To mitigate this issue, the study 

employs advanced panel data techniques that account for CSD and heterogeneity, which help 

capture unobserved common factors affecting economic growth. 

 The model for the empirical analysis was created by taking the logarithmic forms of the 

variables into account. Table 2 presents the descriptive statistics for the variables. The 

econometric model established using the variables in Table 1 is given in Equation (1). 

GDPit = 0 +1AIit + 2RENit +3INDit +4UNMPit+uit (1) 

In equation (1), GDP is the dependent variable, and AI, REN, IND, and UNDP are 

explanatory variables. The model is intentionally specified in a parsimonious form to isolate the 

key structural drivers of growth associated with technological transformation, rather than to 

replicate a fully augmented growth model. α_0 represents the constant term of the empirical 

model, and u_it represents the error term. α_1, α_2, α_3, and α_4 represent the elasticity 

coefficients of AI, REN, IND, and UNDP, respectively. Natural logarithmic transformations were 

taken for all variables in model (1). It has been suggested that this transformation prevents 

problems related to the dynamic properties of the variables. Thus, more consistent and robust 

findings are provided (Shahbaz et al., 2012; Bhattacharya et al., 2016). The use of logarithmic 

transformation is particularly appropriate given the distributional properties of macroeconomic 

variables across countries. This specification ensures that the estimated relationships reflect 

proportional (percentage) changes rather than absolute differences. Variables such as GDP per 

capita, energy consumption, and technological indices typically exhibit right-skewed distributions 

and scale heterogeneity. Logarithmic transformation helps reduce skewness, stabilize variance, 

and mitigate the influence of extreme values. In addition, the log-log specification allows the 

estimated coefficients to be interpreted as elasticities, which provides a more meaningful 

economic interpretation in the context of cross-country growth analysis. This is especially 

relevant for the present study, as it enables the assessment of how proportional changes in 

technological readiness, energy use, and structural factors translate into proportional changes in 

income levels. Furthermore, given the relatively large differences in scale across the selected 

economies, the logarithmic specification ensures comparability and reduces potential 

heteroscedasticity problems, thereby improving the reliability of the econometric estimates. In 

this sense, the model serves as a structural representation of the core dimensions of sustainable 

growth rather than a purely statistical specification. 

While the study refers to the Frontier Technology Readiness Index as an AI proxy, it should 

be noted that this index does not measure AI directly. Instead, it captures a broader set of 

technological capabilities, including ICT infrastructure, skills, R&D activity, industry dynamism, 

and access to finance, which collectively determine a country’s capacity to use, adopt, and adapt 

frontier technologies. 
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The use of this index as a proxy for AI readiness is justified on both conceptual and practical 

grounds. First, AI is a general-purpose technology whose effective deployment depends critically 

on complementary assets such as digital infrastructure, human capital, innovation capacity, and 

financial resources. These dimensions are explicitly captured by the index. Second, cross-country 

comparable and long-term data that directly measure AI adoption or diffusion remain highly 

limited, especially for panel data analysis covering multiple countries and years. Therefore, 

composite indicators reflecting enabling technological ecosystems are widely used in the 

empirical literature as proxies for AI readiness. In this context, the Frontier Technology Readiness 

Index can be interpreted as a measure of a country’s capacity to integrate and economically utilize 

AI-related technologies, rather than AI intensity per se. Accordingly, the AI variable in this study 

should be understood as reflecting “AI-enabling technological readiness.” 

 

3.2. Preliminary Tests 

This section presents the test results for the variables and model used in the study. Table 2 

presents the descriptive statistics for the variables. 

 

Tablo 2. Descriptive Statistics of Variables 
 Mean Std. Dev. Median Maximum Minimum 

GDP 4.584 0.208 4.615 5.042 4.136 

AI -0.073 0.055 -0.059 0.000 -0.231 

REN 3.711 0.529 3.659 4.918 1.117 

IND 1.355 0.112 1.363 1.605 1.018 

UNMP 0.825 0.215 0.809 1.439 0.303 

Note: The time (T) is 13 and the unit (N) is 27 (Australia, Austria, Belgium, Canada, Czechia, Denmark, 

Estonia, Finland, France, Germany, Greece, Ireland, Israel, Italy, Japan, Korea, Luxembourg, 

Netherlands, New Zealand, Norway, Portugal, Slovakia, Spain, Sweden, Switzerland, United Kingdom, 

United States) for all variables. All variables are expressed in natural logarithmic form. Therefore, 

descriptive statistics should be interpreted in logarithmic terms rather than as raw levels. 

 

According to the descriptive statistics reported in Table 2, it should be noted that all 

variables are expressed in natural logarithmic form. Therefore, the reported values do not 

represent the original levels of the variables, but their logarithmic transformations. For instance, 

the values of GDP per capita range between 4.13 and 5.04 in logarithmic terms, indicating 

relatively limited dispersion among the largest economies in the sample. Similarly, the UNMP, 

IND, and REN variables should be interpreted as log-transformed indicators, reflecting 

proportional differences rather than absolute levels. The relatively low variation observed in these 

variables is consistent with the structural similarities of the selected high-income countries. 

Furthermore, the negative mean value of the AI variable reflects the normalized structure of the 

index in logarithmic form and does not imply negative technological capacity. Table 3 shows the 

correlation matrix for the variables used in the study. 
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Tablo 3. Correlation Matrix of Variables 

Correlation  

t-Statistic  

Probability 

AI REN IND UNMP 

AI 

1 

(-) 

[-] 

      

REN 

0.128** 

2.314 

0.021 

1 

(-) 

[-] 

    

IND 

0.006 

0.110 

0.913 

0.184*** 

3.351 

0.001 

1 

(-) 

[-] 

  

UNMP 

-0.436*** 

-8.692 

0.000 

-0.068 

-1.230 

0.220 

-0.345*** 

-6.585 

0.000 

1 

(-) 

[-] 

Note: Upper values represent the correlation power, p-values are presented in () and t-statistics are in []. 

*** and * are significance levels at the 1% and 10% level, respectively. 

 

According to the correlation matrix of the variables used in the study in Table 3, it was 

determined that there was no correlation large enough to lead to multicollinearity problems. 

 

3.3. Empirical Findings 

Applying the CSD test in panel data analysis is crucial for achieving consistent and reliable 

results. The CSD test can determine whether there is an error between the sections (Pesaran, 2004: 

10). CSD tests include the LM test developed by Breusch-Pagan (1980), the CDLM test and CD 

test developed by Pesaran (2004), and the LMadj test developed by Pesaran et al. (2008) (Breusch 

and Pagan, 1980; Pesaran, 2004; Pesaran et al., 2008). Table 4 presents the findings of the CSD 

tests for the variables included in the model. 

 

Table 4. Results of CSD Tests. 

Variables Breusch-Pagan LM Pesaran Scaled LM Bias-Corrected Scaled LM Pesaran CD 

GDP 2628.126*** 85.94458*** 84.71730*** 43.09273*** 

AI 1209.896*** 32.41695*** 31.18969*** 18.71713*** 

REN 1889.059*** 58.05029*** 56.82302*** 30.49791*** 

IND 1565.056*** 45.82159*** 44.59432*** 23.72665*** 

UNMP 1552.842*** 45.36060*** 44.13333*** 24.16258*** 

Note: *** is significance level at the 1% level. 

 

To guide the econometric analysis, a CSD test was used. All findings from the CSD tests 

are presented in Table 4. The CSD test results indicate that the model exhibits CSD. This is 

because the null hypothesis of no CSD is rejected at the 1% significance level. The presence of 

CSD means that a shock occurring in any of the countries included in the analysis will also affect 

other countries. Table 5 presents the results of the CIPS unit root test. 

 

 

 



Journal of Research in Economics, Politics & Finance, 2026, 11(2): 558-582 

 

 
571 

 

Table 5. Results of CIPS Unit Root Test. 

Variables 
Level ∆ 

C C+T C C+T 

GDP -1.792 -2.871** -3.180*** -3.106*** 

AI -1.931 -2.857** -3.515*** -3.450*** 

REN -2.810*** -2.965*** -3.630*** -3.470*** 

IND -2.058 -2.306 -2.949*** -2.791** 

UNMP -1.540 -2.283** -2.406*** -2.251 

Note: *** and * are significance levels at the 1% and 10% level, respectively. 

 

The CIPS test findings presented in Table 5 indicate that the variables GDP, Frontier 

Technology Readiness Index, REN consumption, and UNMP contain a unit root, and that the IND 

variable becomes stationary at the first difference. 

The homogeneity/heterogeneity of the slope coefficients in the cointegration equation is 

examined using the slope homogeneity test developed by Pesaran and Yamagata (2008). The null 

hypothesis of this test states that the slope coefficients are heterogeneous. Delta (∆) tests are used 

to test homogeneity in large samples ( ) and in small samples ( ) (Pesaran and Yamagata, 

2008: 50-93). Table 6 presents the results of the delta test for slope homogeneity. 

 

Table 6. Results of Slope Homogeneity Test 

Statistics Test value p-value 

Delta tilde 3.941*** 0.000 

Delta tilde adjusted 5.159*** 0.000 

Note: *** is significance level at the 1% level. 

 

Based on the homogeneity test results presented in Table 6, it is concluded that the country 

group in the panel in question is heterogeneous. The heterogeneity of the model's cointegration 

coefficients means that the economic structures of the cross-sectional units are different from each 

other. 

After determining the degree of stationarity of the variables, the existence of long-term 

relationships between the variables is examined using the cointegration test. For this purpose, the 

existence of long-term relationships between variables can be examined using the Durbin-

Hausman (D-H) panel cointegration test developed by Westerlund (2008), which takes CSD into 

account. An advantage of the D-H cointegration test is that it allows for both homogeneity of the 

parameters in the panel across units and heterogeneity of the parameters across units. If the 

parameters are homogeneous across units, the test statistic 𝐷𝐻 𝑃𝑎𝑛𝑒𝑙 is used, and if they are 

heterogeneous, the test statistic 𝐷𝐻 𝐺𝑟𝑢𝑝 is used. Furthermore, although the dependent variable 

must be stationary at the first difference in this test, it allows the independent variables to be 

stationary at the level or at the first difference (Westerlund, 2008; Çifçi et al., 2018). D-H panel 

cointegration results are given in Table 7. 

 

 

 

 



Journal of Research in Economics, Politics & Finance, 2026, 11(2): 558-582 

 

 
572 

 

Table 7. Results of D-H Panel Cointegration Test. 

Tests 
C C+T 

Test statistic p-value Test statistic p-value 

D-Hpanel 0.146 0.558 10.210 0.999 

D-Hgroup 116.709 0.999 -2.029** 0.021 

Note: * and ** are significance levels at the 1% and 5% level, respectively. 

 

According to the D-H panel cointegration results in Table 7, it is observed that there is a 

cointegration relationship between the variables. 

 

Table 8. AMG Coefficient Prediction Results 

Variables 
Dependent Variable: GDP 

Coefficients Std. err. p-values 

AI 0.106** 0.042 0.012 

REN 0.014* 0.087 0.099 

IND 0.188*** 0.038 0.000 

UNMP -0.095*** 0.011 0.000 

C 4.342*** 0.058 0.000 

Note: * and *** are significance levels at the 10% and 1% level, respectively. 

 

According to Table 8, the effect of all variables on GDP is statistically significant. Given 

the log-log specification of the model, the estimated coefficients can be interpreted as elasticities. 

Accordingly, a 1% increase in AI is associated with a 0.106% increase in GDP. Similarly, a 1% 

increase in REN leads to a 0.014% increase in GDP, while a 1% increase in IND results in a 

0.188% increase in GDP. In contrast, a 1% increase in UNMP leads to a 0.095% decrease in GDP. 

It is important to interpret the coefficient of the AI variable with caution due to the nature of the 

proxy used. Since the Frontier Technology Readiness Index reflects a broad technological 

ecosystem rather than AI-specific investments or applications, the estimated coefficient may 

capture the combined effect of multiple complementary factors, including digitalization, 

innovation capacity, and financial development. Therefore, the positive impact attributed to AI in 

this study should be interpreted as the effect of AI-related technological readiness and absorptive 

capacity, rather than pure AI adoption. This may lead to an upward bias in the estimated effect if 

these complementary factors independently influence economic growth. A similar interpretation 

applies to the other explanatory variables, as the estimated coefficients may also reflect the 

indirect effects of omitted but correlated structural factors such as human capital, institutional 

quality, and trade integration. 

It should also be noted that the estimated relationships may partly reflect the influence of 

global shocks during the sample period, particularly the post-2008 recovery process. In such 

periods, the role of technological readiness and structural resilience tends to become more 

pronounced, as economies with stronger digital infrastructure, diversified energy systems, and 

robust industrial bases are better able to absorb external shocks. Therefore, the positive effects 

identified in this study may also capture the contribution of these factors to economic resilience 

in the aftermath of major crises. 
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4. Discussion and Policy Implementations 

This study, conducted on the 27 largest countries in terms of GDP, focuses on the 

determinants of GDP. The study utilizes panel data techniques, utilizing the current sample period 

following the global crisis. Analyses were conducted using current panel data techniques, taking 

into account CSD. Furthermore, the methods were determined considering the heterogeneity of 

the panel data set. The empirical methods used in the study, which take into account both 

heterogeneity and inter-sectional dependence, demonstrate that the results are more robust than 

traditional panel data methods (Aydin et al., 2024; Özbek and Şahin, 2025). It can be argued that 

these analyses, conducted with new-generation methods, make the results more reliable. 

Empirical findings indicate that AI investments and technological capabilities, REN consumption, 

and IND have positive effects on GDP. UNMP, on the other hand, has a depressing effect on 

GDP. The findings for these 27 countries indicate that AI, technological development, and 

sustainable energy transformations are among the drivers of GDP. In addition, the relatively 

parsimonious structure of the model should be taken into account when interpreting the findings. 

Rather than incorporating a wide set of conventional growth determinants, the study focuses on 

key structural variables that summarize broader economic processes. This approach allows for 

clearer identification of the role of technological readiness and structural transformation, although 

it may also imply that some estimated effects capture the influence of omitted but related factors. 

Furthermore, the time dimension of the analysis should be interpreted in light of major global 

economic disruptions. The period under consideration includes the recovery phase following the 

global financial crisis, during which structural reforms, technological investments, and energy 

transitions gained momentum. These conditions may have amplified the observed impact of 

technological readiness and industrial capacity on economic growth. In this sense, the findings 

not only reflect long-term structural relationships but also highlight the importance of these 

factors in enhancing economic resilience during periods of global uncertainty. 

However, it should be emphasized that the AI variable used in this study reflects a 

composite measure of technological readiness rather than a direct indicator of AI. Therefore, the 

positive relationship identified between AI and GDP should be interpreted as evidence of the 

growth-enhancing role of broad technological capabilities that facilitate AI adoption, rather than 

the isolated effect of AI technologies alone. This distinction is important because it suggests that 

policies targeting AI-driven growth should not be limited to AI investments per se, but should 

also focus on strengthening complementary factors such as digital infrastructure, human capital, 

and innovation systems. 

It is estimated that productivity increases and costs decrease as these countries are prepared 

for technological transformations and encourage innovations such as AI technologies. New 

sectors can emerge from these developments. The finding that these innovations increase GDP 

also supports the modern growth literature (Zhang et al., 2024). On the other hand, the increase 

in GDP due to increased REN consumption can be explained by energy supply security, 

minimizing external shocks, and the impact of investments in green technologies. The fact that 

increases in IND increase GDP is consistent with expectations (Byaro and Rwezaula, 2024). 

However, the fact that IND has the highest positive coefficient among the analyzed variables 

indicates that the manufacturing industry continues to be the main factor in economic dynamism 

in the relevant country group. Conversely, the negative relationship between UNMP and GDP 

can be explained by the negative relationship between labor market inefficiencies and total 
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production capacity. In other words, labor inefficiency limits the production mechanism, leading 

to a slowdown in economic activity.  

Based on the results obtained in the study, increasing technological readiness and 

strengthening AI-enabling ecosystems are crucial for achieving sustainable GDP. It is crucial for 

these countries to increase their investments in digital infrastructure and adapt to technological 

developments by improving workforce quality. In this context, training programs and various 

incentive mechanisms can be designed to promote innovation. Investments in REN should be 

increased, these investments should be incentivized, and emission reduction mechanisms should 

be implemented for sustainable development goals. This study, which analyzes leading economic 

countries, reveals that the vast majority of these countries are energy importers. In this context, 

mechanisms that prioritize energy efficiency and encourage investments in green technologies 

will play a leading role in both GDP and sustainable development. Considering the importance of 

industry, the study findings suggest that modernizing the industrial sector, increasing the share of 

high-value-added production, and facilitating SMEs' access to technology will be effective in 

increasing GDP. The existence of CSD in the empirical methods used in the study, the 

mobilization of common policy coordination against the shocks experienced by the countries, and 

the increase of international technology and energy cooperation will make significant 

contributions.  

The results obtained in this study also have important policy implications, specifically for 

the high-income countries included in the sample. In this context, the countries included in the 

study, which examines the post-global crisis period, exhibit structural heterogeneities. Firstly, for 

countries with high technological and innovative activities, such as the USA, Korea, Germany, 

and Japan, the strong and positive effects of AI-related investments highlight the importance of 

policy implications for AI integration at the firm level. In this context, in these countries with 

high levels of technological readiness, policies aimed at investments in areas such as AI, 

innovation, the Internet of Things, and big data are considered important in terms of increasing 

economic growth and ensuring sustainability. In these countries, where general infrastructure and 

technological infrastructure problems are minimal, the added value obtained from the positive 

externalities of AI will lead to a ripple effect across sectors. For these reasons, based on empirical 

findings, it is recommended that these countries with advanced economic and technological 

development levels prioritize policies that promote SME digitalization and AI-focused industrial 

applications. Secondly, it is assessed that the findings will have important policy implications for 

countries like Estonia, Finland, Denmark, and Sweden, which, compared to other countries, are 

smaller in scale but have a good level of digitalization and technology. Within the framework of 

the results, the necessity of increasing the complementarity between digitalization and labor 

market flexibility in achieving sustainable economic growth is emphasized. Prioritizing areas with 

advanced institutional structures in these countries and integrating AI into public services and 

governance is considered important. However, while doing this, employment packages that 

prevent structural unemployment should be implemented in these countries, and technological 

adaptation programs should be developed. It is important to consider the relatively low share of 

IND in service-oriented countries such as the United Kingdom, France, Spain, and Portugal 

among the analyzed countries. It is crucial to structure the economic growth structures of these 

countries around high value-added production and an industrial structure compatible with 

digitalization. The strong and high IND coefficient obtained in the study emphasizes that even 

these economies can benefit from targeted re-industrialization strategies, especially in advanced 
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manufacturing and green industries. In countries with high levels of export-oriented IND, such as 

Germany, Korea, and Japan, the strong role of IND underlines the importance of ensuring 

sustainability. In this context, it is necessary to increase the resilience of supply chains in the face 

of recent developments such as the COVID-19 pandemic, which caused a supply and demand 

crisis. In these economies, where readiness is considered crucial, it is recommended that existing 

strong IND mechanisms be integrated with high-tech transformation. In this way, innovative 

production will be increased, and the level of technological readiness will be improved. The 

statistical results and coefficient magnitudes obtained in the study provide important information 

regarding the structural drivers of economic growth. Given the high level of IND in the analyzed 

countries, it is expected that this will boost economic growth. However, the fact that IND is the 

most important driving force among the variables used in the study is considered a significant 

finding. In this context, it is necessary to increase supply chain resilience in the face of 

developments such as the COVID-19 pandemic, which caused a supply and demand crisis in the 

recent period. In these economies, where readiness is considered very important, it is 

recommended that existing strong IND mechanisms be integrated with high technological 

transformation. Thus, innovative production will be increased, and the level of technological 

readiness will be improved. In this case, it is assessed that the global competitiveness of the 

relevant countries will be preserved. The existence of positive effects of REN consumption on 

economic growth is of particular importance for countries undergoing energy transformation, 

such as Norway, Germany, and Denmark. In these countries, this finding reveals policy 

implications far beyond scaling up. The positive effects of REN underscore the importance of 

focusing on system efficiency, including grid integration, storage technologies, and sectoral 

electrification. In cross-sectional units, the negative impact of UNMP on economic growth is of 

particular importance in economies experiencing persistent labor market friction, such as Spain, 

Greece, and Italy. Considering that technological readiness and AI advancements also boost 

economic growth, it is crucial to develop innovative labor market policies in these countries. In 

this context, it is recommended to address structural unemployment by implementing active labor 

market policies, carrying out institutional reforms, and running certification programs to fill job 

vacancies. The negative coefficient of UNMP, when considered in terms of magnitude, further 

emphasizes the macroeconomic cost of underutilized labor resources. This means that even small 

increases in UNMP can potentially offset the gains from technological progress and industrial 

expansion, especially in economies undergoing structural transformation. Therefore, beyond the 

general results obtained in the study, considering the magnitudes of the coefficients, it is assessed 

that IND constitutes the primary structural backbone of economic growth, while digitalization, 

technological and AI readiness, and energy transition provide more moderate contributions. 

When the findings are evaluated generally, the results for the heterogeneous panel data set 

indicate that investments in AI and technological capabilities, REN consumption, and IND are 

among the important drivers of economic growth. UNMP, on the other hand, is found to have 

negative effects on economic growth. This study, which analyzes a heterogeneous group of 

countries, highlights the necessity of specially designed strategies, compatible with national 

production structures, labor market conditions, and technological capacities, to ensure the 

sustainability of economic growth, particularly in line with sustainable development goals. 
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5. Conclusion, Limitations, and Future Research Directions 

This study investigated the dynamics of GDP in the countries with the highest GDP during 

the 2008-2020 sample period. Using next-generation panel data techniques, the study concluded 

that AI, REN, and IND support GDP. UNMP, on the other hand, suppresses GDP. The results 

offer important insights into how the future of the major economies in the study is built on 

technological innovation, sustainable energy, and industrial capacity. In addition to these 

developments, it also revealed that ensuring labor market efficiency in the respective countries 

plays a critical role in sustainable growth. The presence of CSD indicated a strong economic 

interaction among the countries included in the analysis. Furthermore, the identification of 

heterogeneity within the relevant country group emphasized the need for policymakers to address 

both regional and national policies together. For policymakers, the findings strongly suggest the 

importance of AI investments, REN transformation, industrial modernization, and skilled 

workforce planning in achieving sustainable development goals and productivity-based growth 

strategies. 

The study's findings include the 2008 global financial crisis and the initial period of the 

COVID-19 pandemic. Furthermore, the analysis of 27 countries' economies examines a period 

encompassing each country's national vulnerabilities. Overall, following the 2008 crisis, many 

countries experienced prolonged periods of weak investment, debt reduction, and restructuring in 

both the financial and real sectors. These conditions constitute the early years of the sample period 

in this study. In this context, these negative developments in the early years of the dataset suggest 

that the impact of technological and industrial investments on economic growth may have been 

below potential. Therefore, the estimation coefficients may not fully reflect the investment 

dynamics before and after the recovery. On the other hand, regulations in labor markets, 

expansionary fiscal policies, etc., following the global crisis, caused cyclical fluctuations. Some 

economies in the sample experienced high increases in UNMP rates. Some countries, however, 

weathered the crisis with less damage through monetary and fiscal policies. These situations 

affected the coefficient relating to the relationship between UNMP and economic growth in this 

study. Therefore, when interpreting the empirical results obtained, it will be useful to consider 

them as a consequence of the hysteresis effects of persistent labor market stagnation leading to 

long-term production losses. Considering the sample period, the increases in digitalization after 

the global crisis, the increasing use and internalization process of AI, the widespread global 

acceptance of the sustainable development goals, and the increase in REN investments support 

the study findings. These structural transformations, experienced both globally and in the 

countries included in the study, reinforce the positive contributions of trends, technological 

capabilities, and energy transition variables, showing that the effects of these trends are partly 

time-dependent and may intensify in more stable macroeconomic environments. Although the 

large number of countries in the study increases the global significance of the results, it may lead 

to overlooking various crises and structural transformations. In this context, adding country-

specific structural break dates to the empirical model may require the inclusion of numerous 

breaks. This situation may lead to a specification problem in the model. Considering the presence 

of 27 heterogeneous countries and the sample period in this study, future research following this 

study can be conducted using time series methodologies specific to each country. However, it 

must be noted that the AI variable is not present at a sufficient frequency for time series methods. 

Considering these limitations, the panel quantile methodology can be used to obtain results for 

different quantiles, deepening the interpretations of the period. In future studies, more 
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homogeneous groups can be formed, and analyses can be conducted for low-, middle-, and high-

income countries. This will allow for comparative results. Future studies could examine how the 

impact of technological innovation on REN changes after reaching specific income levels, R&D 

intensity, institutional quality, or policy support. In this context, the linear empirical framework 

can be extended by utilizing methodologies such as Markov transition models, nonlinear ARDL, 

and quantile regression. 
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