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Abstract

:

The primary objective of this paper is to investigate the extent to which climate change adaptation and green technology diffusion serve as key drivers for green growth. Additionally, the study examines the influence of various economic, environmental, and social factors on green growth. Utilizing an annual panel dataset comprising 38 OECD member countries from 1990 to 2020, a series of dynamic panel data models are estimated using the system generalized method of moments (GMM) approach. The empirical results provide novel and robust evidence that the diffusion of green technology and climate change adaptation exert a significant positive influence on green growth. Furthermore, the findings highlight the significant role played by macroeconomic, institutional, social, and government policy-related factors in promoting green growth. These insights have substantial policy implications for the development and implementation of strategies that encourage climate change adaptation and green innovation. As a result, policymakers should prioritize the integration of green technology and climate change adaptation measures in their sustainable development agendas to foster a greener, more resilient future.
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1. Introduction


Green technologies and climate change adaptation play a crucial role in promoting green growth by reducing environmental impacts and fostering sustainable development. Recent research findings reveal that the diffusion of green technologies significantly contributes to enhancing resource efficiency, reducing emissions, and creating new economic opportunities [1]. Simultaneously, climate change adaptation measures may help build resilience in various sectors, ensuring long-term sustainability. According to the well-known Porter [2] hypothesis, both green growth and green technology development directly relate to the implementation of environmental protection regulations. However, developments in green technologies and climate change adaptation are influenced by a variety of factors, such as economic, social, and political considerations [1,3], which leads to continuing debates surrounding the effectiveness of specific technologies and adaptation strategies, emphasizing the need for clear evidence on the specific conditions affecting their effectiveness. This study fills a knowledge gap on the effect of a comprehensive set of country-specific factors, particularly green technology diffusion and climate change regulations, through evidence based on well-defined, comprehensive data from the Organisation for Economic Co-operation and Development (OECD) countries.



The concept of green growth has arisen in international policy discussions as a way of promoting economic growth while simultaneously providing the highest possible level of environmental quality [4]. Therefore, growth is considered to be a fundamental approach to achieve sustainable development [5,6,7]. Although green technology diffusion is argued to have a favorable effect on green growth [8], its propagation is driven by an array of factors, encompassing technological innovation, economic incentives, policy structures, environmental concerns, and socio-economic elements [8,9,10,11,12].



The literature on green growth and its determinants is vast and focuses on different aspects, both on theoretical [13,14,15] and empirical [5,15,16,17,18,19] grounds. Recent empirical studies focus on several dimensions, including economic, political, technological, environmental, and other determinants of green growth. In this context, several studies point to three important observations. First, the development of green technologies promotes green growth, thus decreasing CO2 emissions and being useful in achieving energy efficiency [6,16,17,18,19,20]. Second, climate change adaptation encourages green growth [21,22,23,24,25]. Third, economic growth and globalization could promote green growth [26,27,28].



Among the studies considering the nexus of green growth, green technology, and low-carbon transition, Herman [29] highlights the need for industrial policies and national innovation systems to transition to low-carbon economies. The literature includes green investment indicators and economic outputs from green growth, which refers to an economy with minimal carbon emissions, environmental quality, efficiency, natural capital, resource efficiency, and social inclusion [4]. Hoffmann [30] argues that the equitable distribution of income and wealth, reducing greenhouse gas emissions, promoting innovation, and implementing structural adaptations are essential for green growth. Brock and Taylor [31] conduct a theoretical and empirical analysis of the relationship between the environmental Kuznets curve (EKC) and the Solow model that integrates green technology, providing new insights into the relationship between economic growth and environmental quality.



More recent studies have shown a strong correlation between green growth and technological innovation [32], specifically, environmental-related technologies, research and development (R&D) investments, and renewable energy sources [20,33,34,35]. Additionally, research suggests that investing in human resources, R&D for green energy technologies, and implementing measures such as environmental taxes can significantly contribute to the establishment of a sustainable green economy [36,37,38,39]. Meng et al. [40] have analysed the relationships between green technology innovation, environmental legislation, green dynamism, and smart manufacturing, finding that environmental regulations have a favourable impact on green technology innovation. Related studies (see, e.g., [41]) have found that green innovation and institutional quality improve environmental sustainability. Dai et al. [42] show that the promotion of green innovation through outward foreign direct investment is significant when market incentive regulations exhibit high intensity. On the other hand, Zhang et al. [43] have found that regional green development is significantly promoted by higher education, and technological innovation plays a crucial role in this relationship.



In order to enhance green technology, researchers have also explored the impact of CO2 emissions, environmental legislation, green goods, green patents, environmental performance, climatic conditions, and environmental and resource productivity on green growth. The results are consistent with prior research (see, for example [38,44,45,46,47,48]). In conclusion, these studies underscore the importance of reducing environmental costs and hazards, fostering environmental awareness, ensuring energy security, and mitigating environmental pollution.



Among the studies considering the factors affecting green growth, the first strand of empirical literature is primarily concerned with the relationship between CO2 emissions and GDP growth. Antal and Van Den Bergh [49] explore the association between CO2 emissions and GDP growth, with their findings highlighting the necessity of mitigating climate and environmental degradation and reducing dependence on development to achieve both environmental and economic objectives. Similarly, Aye and Edoja [44] have found that economic growth exerts a negative influence on CO2 emissions in the low-growth regime and a positive influence in the high-growth regime. Subsequently, Chin et al. [50] have utilized an autoregressive distributed lag (ARDL) model to assess the impacts of CO2 emissions on green growth and sustainable development and have found a positive correlation between economic growth and carbon emissions.



In the second strand, numerous studies have concentrated on the determinants of green growth, encompassing economic, social, political, and environmental factors. Fernandes et al. [51] have analyzed the effects of green growth on economic growth using dynamic panel techniques and a cross-country OECD dataset that includes findings that suggest that the transfer of sustainable technology promotes green growth. You and Huang [52] investigate the determinants of green growth in China from 1998 to 2011 by employing the dynamic panel data estimation approach. They find that China’s green growth can be enhanced through innovation, reforms, quality, and productivity. However, only political changes may hinder the progress of China’s green growth. Similarly, Feng et al. [53] construct a green development performance index (GDPI) to analyze the factors of green growth in 165 countries between 2000 and 2014, using the data envelopment analysis (DEA). They suggest that an increase in GDPI is associated with a rise in energy structure, living altitude, and a decline in ecological carrying capacity. Tawiah et al. [54] employ fixed effect estimates to examine the factors of green growth in both developed and developing nations using annual panel data from 2000 to 2017, finding that economic development exhibits a favorable and robust association with green growth in both groups of nations. However, they find mixed results among developed and developing countries with respect to other factors, trade openness, and foreign direct investment (FDI). Additionally, they find that increasing energy usage correlates with a decline in green growth. This finding aligns with the results of Frankel et al. [55] who conclude that FDI had a negative influence on green growth. This conclusion, however, contradicts the findings of Dean et al. [56], which demonstrate that FDI has a favorable relationship with green growth in China. Similarly, Ali et al. [57] suggest that foreign direct investment, energy consumption, and economic growth have a substantial positive impact on the CO2 emissions of economies of Brazil, Russia, India, China, and South Africa (BRICS).



A few studies consider the relationship between various measures of green growth and globalization. Xia et al. [58] investigate the influence of globalization on environmental performance and discover a significant positive relationship between globalization and CO2 emissions. Zafar et al. [59] investigate the effects of various measures of globalization in OECD economies by using data from 1991 to 2015. According to their estimations, both trade openness and FDI have significant positive impacts on green growth in the short and long run; however, R&D expenditures exhibit a significant negative impact on green growth. In a recent study, Xia et al. [58] have examined the influence of globalization on environmental performance in developed and developing nations. Their estimates reveal a considerable positive correlation between globalization and CO2 emissions.



The above review of former studies evidences that addressing the diffusion of green technologies and climate change adaptation from the perspective of globalization is essential for promoting green growth and a low-carbon environment. In this study, we build upon previous research by introducing new dimensions of the green growth. Furthermore, we expand upon past studies by incorporating a wide array of determinants that may influence green growth. Thus, our study contributes to the literature by using an empirical approach that makes a combined assessment of many factors affecting green growth with a particular emphasis on green technology diffusion and climate change adaptation.



Against this backdrop, this study examines the impact of various macroeconomic factors at the national level, which may potentially influence green growth. While certain determinants, such as the general trend in green technology diffusion and climate change adaptation, have been previously assessed in different studies (see, for example [60,61,62,63]), there are theoretical grounds on which their significance in relation to green growth should be considered. Hence, we investigate various factors that could potentially relate to green growth, including economic performance, globalization, the diffusion of green technology, adaptation to climate change, and institutional and environmental values. A few studies have also incorporated globalization, climate change, and climatic variables as determinants of green growth (refer to, for instance, [47,48,54,64]). Thus, we also consider these variables in our empirical analysis. To the best of the authors’ knowledge, no other study has evaluated the multiple effects of these factors on green growth. Furthermore, this study encompasses the most comprehensive collection of determinants for green growth. The investigation also employs dynamic panel data models, utilizing the system GMM approach [65,66] to demonstrate the significant role of these determinants in green growth. The results are consistent with the model specifications. Thus, this study enhances the existing body of empirical literature.



The aims of this paper can be delineated into three primary objectives: (i) Investigate the economic, social, political, technological, and environmental factors influencing green growth in 38 OECD countries; (ii) Addressing a significant knowledge gap by exploring whether the impacts of globalization, green technology diffusion, and climate change adaptation also contribute to the processes underlying green growth; (iii) Employing various dynamic panel data models in order to demonstrate that these factors indeed play a substantial role in green growth.



The study makes several contributions to the existing literature. First, in contrast to previous studies, we incorporate the factors of globalization, climate change adaptation, and green technology diffusion as the primary determinants of green growth. Secondly, we enhance prior studies by presenting a comprehensive set of criteria that may influence the process of green growth. While the majority of countries have exhibited only limited progress in climate change adaptation and green technology development, the adaptation and diffusion of these aspects have been experienced in virtually every nation. Such advancements should not be examined independent of a country’s technological, environmental, and economic performance. Third, we expand upon earlier studies by including an extensive array of factors that may impact green growth, encompassing per capita income, government stability, globalization, climate change adaptation, foreign direct investment, carbon emissions, environmental performance, environment-related taxes, technology diffusion, and climatic variables. Lastly, in contrast to prior research, we employ dynamic panel data models over an extended time period, enabling us to account for slow adjustments and lagged effects.



Our empirical findings reveal that variables relating to economic, social, environmental, technological, political, and institutional dimensions should be considered significant determinants of green growth in the OECD countries. The results reveal positive relationships between green growth and factors such as green technology diffusion, economic growth, climate change adaptation, foreign direct investment, and government stability. Additionally, the findings highlight the importance of environmental sustainability alongside economic growth, with carbon emissions being a major contributor to climate change. Technology transfer and environmental policies also play significant roles in achieving green growth. Our results indicate a favorable association between green growth, green technology diffusion, and climate change adaptation, which is vital for achieving environmental sustainability. Thus, our results emphasize that green technologies play a role in lowering greenhouse gas emissions and mitigating other environmental consequences while concurrently providing economic benefits such as enhanced efficiency and productivity. Overall, the study emphasizes the need for a comprehensive approach to green growth, incorporating economic, technological, institutional, and environmental variables. The results of this study bear significant policy implications, as they indicate that unfavorable macro-level conditions at the country level may hinder the implementation of green policy and green growth initiatives aimed at promoting climate change adaptation and the diffusion of green technology.



The remainder of this paper is structured as follows. Section 2 elaborates on the empirical methodology. Section 3 presents data, descriptive statistics, and the empirical findings and discussion. Finally, Section 4 offers concluding remarks.




2. Econometric Methodology


This study employs an annual panel dataset spanning from 1990 to 2020, encompassing 38 OECD member countries. The present study broadens the scope of analysis to encompass the effects of globalization, climate conditions, technological advancements, income levels, environmental policies and performance, economic aspects, political factors, and socioeconomic elements on green growth in select economies. The nature of the data and the specified green growth model can be best estimated using the dynamic panel GMM approach [61].



In the literature, dynamic panel models have been employed to investigate various empirical determinants related to achieving environmental sustainability (refer to [9,54,67,68,69,70,71], for instance). Consequently, this study introduces novel inquiries regarding the impacts of technological, political, social, environmental, and economic components on the diffusion of green technology and green growth.



The most general representation of the model employed in this study is as follows:


        ggi   i , t     = f (   gdp   i , t   ,   glo   i , t   ,      fdi    i , t   ,     gov   i , t   ,   co   2   i , t   ,     gtd   i , t   ,               cct   i , t   ,   epi   i , t   ,   tax   i , t   ,   tai   i , t   ,   pop   i , t   ,   temp   i , t   ) +  ε  i , t        



(1)




where ggi expresses the green growth index as a dependent variable. The independent variables are gross domestic product per capita (gdp), globalization index (glo), foreign direct investment (fdi), green technology diffusion (gtd), climate change adaptation (cct), carbon emission per capita (co), government stability (gov), environmental performance index (epi), environment-related tax (tax), technology achievement index (tai), population growth (pop), and temperature level (temp). All variables are expressed in terms of their natural logarithms. In this equation, time is denoted by   t = 1 ,   2 , … ,   T  , representing years, while   i = 1 ,   2 , … ,   N   signifies the countries under consideration.



The relationship between the dependent variable and the independent variables is presumed to be log-linear. As a result, the particular formulation of the dynamic panel model can be articulated as follows:


    ln     ggi   i , t     =    α 0  +   ∑   j = 1  p   ρ j  ln (   ggi   i , t − j   ) +  α 1  ln (   gdp   i , t   ) +  α 2  ln (   glo   i , t   )        +  α 3  ln (   fdi   i , t   ) +  α 4  ln (   gov   i , t   )        +  α 5  ln (   co  2     i , t   ) +  α 6  ln (   gtd   i , t   ) +  α 7  ln (   cct   i , t   )        +  α 8  ln     epi   i , t     +  α 9  ln     tax   i , t     +  α  10   ln (   tai   i , t   )        +  α  11   ln (   pop   i , t   ) +  α  12   ln (   temp   i , t   ) +  ε  i , t      



(2)




where  p  is the autocorrelation order, ln denotes a natural logarithm, and the error term    ε  i , t       has two orthogonal components:    ε  i , t   =  η i  +  v  i , t     with    η i   , denoting the time-invariant country-specific effect and    v  i , t     denoting idiosyncratic shocks. The error components satisfy   E    η i    = 0 ,     E    v  i , t     = 0  , and   E    η i   v  i , t     = 0  . Furthermore, the errors    v  i , t     are not autocorrelated, that is   E    v  i , t    v  i , s     = 0   for   t ≠ s  . Under these assumptions, and with the supplementary premise that no further sources of endogeneity are present, a regressor can be utilized as an instrument for itself within the GMM estimation. This approach avoids the need for variable transformation or model modification.



The green growth model in Equation (2) is estimated in a first-differenced form in order to eliminate individual effects    η i   . The green growth model presented in Equation (2) causes a correlation between errors and the lagged first-differenced endogenous variables. To address this correlation, instrumental variables (IVs) are employed. The GMM framework proposes these IVs due to their potentially low correlation with the first-differenced dependent variable. Alternatively, Arellano and Bond [65] recommended using lags of the endogenous variable’s own levels to instrument its first differences, a technique referred to as the Arellano–Bond GMM. Nevertheless, Blundell and Bond [66] observed that lagged levels frequently serve as weak instruments for first differences and suggested incorporating all obtainable information on both endogenous and exogenous variables. This technique, called the Arellano–Bond system GMM method, yields more efficient and unbiased estimates in situations with small samples. System GMM enhances first-differenced GMM by concurrently estimating both differences and levels, with distinct instrumentation for each of the two equations. In applying the Arellano–Bond system GMM model, we employ the first and second lags of all variables in the regression as GMM-style instruments. To guarantee the use of all pertinent variables as instruments and prevent bias in the parameter estimates, we incorporate one instrument for each variable and lag distance, rather than one instrument for each variable, time period, and lag distance. This approach is based on the understanding that when the number of instruments grows in relation to the number of observations, the parameter estimates tend to be biased towards feasible generalized least squares [66].



The two-step system GMM approach we employ entails estimating the model in two stages. First, a GMM estimator is used, followed by the construction of a consistent estimator of the structural parameters. This approach enhances the accuracy and reliability of the estimates. Baltagi [72] contends that in the presence of endogenous regressors, the system GMM estimator possesses the most desirable attributes for stationary dynamic panels with high cross-sectional ( N ) and short fixed time ( T ) dimensions. This closely aligns with our context, which features   N = 38   and   T = 30  . The endogeneity of independent variables is assessed using the Durbin–Wu–Hausman test, which employs two-stage least squares (2SLS). The results indicate that some variables exhibit endogeneity. To address this issue, we follow Arellano and Bond’s [65] suggestion of transforming the specified equations into first-difference estimators. Consequently, dynamic panel GMM estimators are used, effectively alleviating concerns related to serial correlation, endogeneity, and heterogeneity in the estimation procedure.



The implementation of the GMM approach for estimation encounters two critical challenges: the proliferation of instruments and the serial autocorrelation of error components. These issues are particularly prominent in panel datasets that comprise samples with an extended time period and a limited number of individuals. The proliferation of instruments refers to the presence of increasingly complex instruments in the model, which can result in overidentification due to the inclusion of additional instrumental variables at various levels and differences. To evaluate the appropriateness of the sample size and the potential for overidentification arising from the number of instruments utilized, the Sargan test [73] helps to determine whether the supplementary instruments are valid and contribute to the overall explanatory power of the model.



Due to the presence of a considerable and statistically significant correlation among the variables glo, gtd, gdp, tai, and epi, it is not feasible to estimate the entire model as presented in Equation (2). As a result, we impose several restrictions on Equation (2) and estimate five alternative specifications of the general model. Table 1 outlines these models and the corresponding constraints imposed on Equation (2). In the process of excluding a variable or a set of variables, we take into account three main considerations. First, we assess whether any of the remaining index variables within the model incorporate the excluded variable as a component. Second, we evaluate whether the excluded variable potentially measures the same underlying concept that another variable in the model already captures. Lastly, we examine the presence of a high correlation between certain variables, which may give rise to severe multicollinearity issues.



Upon estimating each model utilizing the two-step system GMM technique, we perform three crucial diagnostic tests. The first diagnostic is the Sargan–Hansen J-test of overidentifying constraints, employed to ascertain the validity of the instruments used in the model. Subsequently, we conduct the first-order [AR(1)] and second-order [AR(2)] autocorrelation tests, which serve to determine whether an adequate number of lags have been incorporated to account for the presence of autocorrelation.



Due to the nature of the data and estimated models, it is essential to consider factors such as model specification issues, autocorrelation, nonstationarity, heteroscedasticity, heterogeneity, and cross-section dependency in the analysis. Given that the unit root tests demonstrate the stationarity of the variables under consideration, this study examines the associations between the green growth index and its determinants by employing dynamic panel data estimation methods. Furthermore, the investigation is conducted using a dynamic system GMM model [74] rather than static models such as the fixed effects model.




3. Empirical Results and Discussion


3.1. Data and Descriptive Statistics


The dataset used in this study was obtained from diverse sources. The green growth index is taken from the OECD statistics database (available at https://www.oecd.org/greengrowth/green-growth-indicators/, accessed on 14 October 2022) based on patent application data. It encompasses innovations pertaining to environmental protection and climate change adaptation technologies. This dataset can be subdivided into three smaller components, namely environmental management, adaptations related to water, and measures taken to lessen the impact of climate change. The three components include environmental and resource productivity, the natural asset base, the environmental dimension of quality of life, economic opportunities, policy responses, and the socio-economic context, which encompasses population and growth characteristics.



To evaluate environmental innovations, we utilize patent statistics from the World Intellectual Property Organization’s (WIPO) patent dataset (available at https://www3.wipo.int/ipstats/, accessed on 2 October 2022) to create both green technology diffusion and general technology diffusion measures. This dataset allows for the assessment of innovation performance at the country and firm levels, as well as the formulation of environmental and innovation policies by governments. The climate change adaptation is based on patent applications and derived from OECD statistics (available at https://stats.oecd.org/, accessed on 2 October 2022). Additionally, the globalization index is provided from the KOF Globalization Index database (available at https://kof.ethz.ch/en/forecasts-and-indicators/indicators/kof-globalisation-index.html/, accessed on 2 October 2022), which provides an average measure of the economic, social, and political dimensions of globalization.



The World Bank’s World Development Indicators (WDI) database (available at https://databank.worldbank.org/source/world-development-indicators/, accessed on 6 October 2022) provides purchasing power parity (PPP) adjusted GDP per capita figures in US dollars, as well as per capita CO2 emissions in metric tons. Additionally, we collect foreign direct investment from the WDI, which we express as percentage of GDP. Additionally, population growth is taken from WDI. Environmentally related tax revenues are sourced from the OECD statistics database (available at https://stats.oecd.org/, accessed on 10 October 2022).



The environmental performance index is provided by the Socioeconomic Data and Applications Center (SEDAC) (available at https://sedac.ciesin.columbia.edu/data/set/epi-environmental-performance-index-2022/, accessed on 10 October 2022). According to Emerson et al. (2010) [75], this index is derived from a set of 25 indicators and 10 policy categories. These classifications include policies related to the environmental impact on human health, such as the burden of disease, water, and air pollution, as well as policies related to natural resources, such as water, biodiversity, habitat, forestry, fisheries, agriculture, and climate change. Lastly, the authors compute the technology achievement index (TAI) to assess the technological performance of nations. The TAI, derived from data obtained from the WDI, OECD statistics, and WIPO statistics, aims to enhance sustainability by considering environmental and technological outputs. This comprehensive index evaluates multiple dimensions, including human skill development, the invention of new technologies, the prevalence of old technologies, and the diffusion of emerging technologies.



Figure 1 illustrates a time series plot of the average green growth index, which is the dependent variable in all models, for the 38 OECD countries between 1990 and 2020. Although green growth has been steady throughout the period of 1990 to 2020, the growth has been weaker since 2015.



Table 2 provides descriptive statistics for all variables, including the total number of observations (Obs), as well as the mean, standard deviation, minimum, maximum, and SQ- Shapiro–Wilk W test (SW-W) for normal distribution values. Means for each country over the sample period are also provided. Among the countries in the sample, the United States, Japan, and Germany demonstrate the highest mean values for the green growth index. In terms of green technology diffusion, Japan, US, and Germany emerge as the leading nations. Furthermore, Belgium, Switzerland, and the Netherlands exhibit the highest mean values for the globalization index. Additionally, US, Japan, and Korea display the highest mean scores for climate change adaptation efforts. An examination of the overall statistics reveals considerable variation across the variables, with green growth, green technology diffusion, CO2 emissions, and population growth exhibiting greater variation compared to the other metrics. The Shapiro–Wilk W test indicates that none of the variables are normally distributed.



Table 3 displays the Pearson pairwise correlation coefficient estimates, which assist in determining the degree of linear association among variables in the model. Despite the non-normal distribution of the variables, using coefficients as indicators of linear association remains viable, as non-normality only undermines the validity of statistical tests that rely on these estimates. The correlation estimates also help identify potential multicollinearity among the variables. The correlation coefficients for lgov and ltax show a negative relationship with the green growth index; however, for lgov, the value is a mere −0.06 and it is not statistically significant, rendering the inference of a negative relationship unconvincing. In contrast, other independent variables reveal a positive correlation with the green growth index. Furthermore, several pairs of variables demonstrate a high and positive correlation coefficient. Some notable instances include lggi and lgtd, lggi and ltai, lggi and lpop, lgdp and lepi, lgdp and lglo, lgdp and lgtd, lgdp and lco, lglo and lgtd, lglo and lepi, lglo and ltai, lco and lgtd, lco and ltai, lgtd and ltai, and lcct and lepi.




3.2. Cross-Sectional Dependence, Slope Homogeneity, and Nonstationarity Tests


To investigate potential cross-sectional dependence, heterogeneity, and nonstationarity issues in the data, we use statistical tests addressing each of these concerns. The results of the tests of cross-sectional dependence (CSD) are presented in Table 4. To assess the presence of cross-sectional dependence, we employed three tests: the Lagrange multiplier (LM) test proposed by Breusch and Pagan [76], the cross-sectional dependence (CD) test developed by Pesaran [77], and Pesaran’s [78] LM cross-sectional dependence (CDLM) test. Test results indicate that the null hypothesis of no cross-sectional dependence can be rejected, revealing significant cross-sectional dependence in the data based on the p-values.



Upon establishing the presence of cross-sectional dependence for the variables, we proceeded to test for slope homogeneity. We employed two alternative tests for this purpose: Pesaran and Yamagata’s [79] heteroskedasticity and autocorrelation consistent covariance (HAC) adjusted truncated slope homogeneity test (     Δ ˜    HAC    ), calculated using Blomquist and Westerlund’s [80] HAC adjustment, and its small-sample adjusted counterpart (     Δ ˜     adj ,   HAC     ). Each test is constructed using a pooled ordinary least squares regression with five different model specifications. In each model, lggi is the dependent variable. Moreover, each model, Models 1 to 5, includes the variables lcct, lfdi, lglo, lgov, lpop, ltax, and ltemp, but each also includes one of the variables lco, lgdp, lglo, lgtd, and ltai as independent variables, respectively.



Table 4 additionally reports the results of the slope homogeneity tests. These tests show whether the relationship between variables remains constant across all countries, or if there are variations that require consideration in the analysis. Based on both regular and adjusted homogeneity tests, the null hypothesis of slope homogeneity across countries is not rejected at all traditional significance levels, indicating that the slopes do not differ among countries. As a result, the impact of independent variables on economic growth appears to manifest homogenous effects across the 38 countries being scrutinized. These findings imply that the GMM estimation can be used without concerns regarding slope heterogeneity—an essential requirement since GMM estimators become inconsistent for dynamic panel models with the presence of slope heterogeneity.



In light of the presence of cross-sectional dependence, this study employs second-generation panel unit root tests, which offer more reliable, consistent, and robust inferences in this case. The tests we employ include the cross-sectionally augmented Im–Pesaran–Shin test, developed by Pesaran [81], the modified cross-sectionally augmented Im–Pesaran–Shin tests, proposed by Westerlund and Hosseinkouchack [82], and the augmented Dickey–Fuller test, also developed by Pesaran [83]. These tests are denoted as CIPS, M-CIPS, and CADF, respectively. The results of the unit root tests, presented in Table 5, predominantly reject the unit root null hypothesis with both constant and constant-trend specifications at the 1% and 5% significance levels. These findings indicate that all series are stationary in levels, with the exception of ltax, for which the CIPS and CADF tests do not firmly reject the unit root null in the model with constant. However, the M-CIPS test concurs that the ltax variable is stationary in the same model. Similarly, the lpop variable exhibits comparable behavior.




3.3. Model Estimation Results


Given the findings in the previous section, we estimate the model specified in Equation (2) using the two-step system GMM estimator. We estimate six different specifications of the model based on the restrictions in Table 2. Table 6 presents the estimation results. Standard errors for the parameter estimates are displayed in parentheses beneath the corresponding estimates. For all estimated models, the null hypothesis of valid over-identification restrictions is not rejected by the Sargan test at any conventional significance level, thereby affirming the reliability of the instruments. Instrument proliferation does not appear to pose a concern, as the total number of cross-sectional units across all models exceeds the total number of instruments. Considering the characteristics of the panel data framework, the dynamic system GMM estimation with one lag should not reject the existence first-order serial correlation, according to the Lagrange multiplier Arellano–Bond test [65]—LM-AR(1)—while rejecting the existence of second-order serial correlation AR(2) as per the LM-AR(2) test. The results of the LM-AR(1) tests in Table 6 are all significant at the 1% level, corroborating the AR(1) specification. Conversely, several LM-AR(2) tests are not significant at the 5% and 1% levels across all models, rendering the AR(2) specification invalid. Consequently, all models are estimated with one lag of the dependent variable, signifying that an AR(1) dynamic specification is adequate for capturing autocorrelation



Table 6 presents the estimates of the dynamic panel model specified in Equation (2) across various specifications outlined in Table 1. The first model examines the impact of economic performance, globalization, climate change adaptation, and the diffusion of green technology on green growth, while also incorporating control variables such as population and temperature. The coefficients of all determinants are positive and statistically significant at conventional significance levels, indicating a positive association with the green growth index. Green growth is characterized by the enhancement of economic productivity and efficiency, alongside the reduction in natural resource consumption and waste and pollution minimization. The positive correlation between the diffusion of green technology, economic growth, and climate change adaptation through green growth is essential for achieving environmental sustainability. Furthermore, the results reveal a positive association between temperature and green growth. The implementation of green growth policies can facilitate adaptation to the consequences of climate change, including rising temperatures and extreme weather events. For example, investments in infrastructure resilient to flooding and other extreme weather phenomena can protect communities and businesses from the adverse effects of climate change while simultaneously generating economic benefits.



Model 2 integrates the impact of FDI on green growth. The results demonstrate a positive and statistically significant association between FDI and green growth across all significance levels. Indeed, FDI can contribute to green growth through various channels. First, it can provide access to capital, technology, and expertise, which are crucial for the development and implementation of green growth strategies. Second, FDI generates employment opportunities and stimulates economic growth, which can help accumulate the necessary resources for investment in green growth. Third, FDI fosters international cooperation and partnerships, which can play a significant role in supporting green growth initiatives.



In Model 3, the influence of institutional factors on green growth is considered. The findings indicate a positive association between government stability and green growth, which is statistically significant at all conventional significance levels. As a result, a stable and effective government can enact policies and regulations that promote renewable energy, conserve natural habitats, and reduce greenhouse gas emissions. Furthermore, a stable and effective government can enable the delivery of vital infrastructure and services for sustainable development, encompassing education, healthcare, and access to clean water and sanitation.



Model 4 provides estimates of the impact of carbon emissions on green growth. The carbon emission coefficient is observed to be positive and statistically significant at all conventional significance levels. In fact, green growth represents environmentally sustainable economic growth, while carbon emissions are a primary contributor to climate change. A positive association between carbon emissions and green growth implies that economic growth and environmental sustainability may be mutually exclusive. One explanation is that elevated levels of economic growth frequently result in increased carbon emissions. Another rationale is that carbon emissions are a significant driver of climate change, which poses considerable risks to both economic growth and human well-being. Indeed, Model 4 demonstrates a trade-off relationship. As a country endeavors to achieve high levels of economic growth and improve its green growth index score, it may have limited resources to allocate to climate change adaptation measures. Additionally, escalating carbon emissions exerts a detrimental and substantial impact on climate change adaptation. Consequently, mitigating carbon emissions is of paramount importance in adapting to the changing climate.



Model 5 integrates the environmental performance index, technology innovation, and environmental taxes into the green growth model. Notably, the CO2 variable cannot be included in this model due to its high correlation with the other variables in the model. For instance, CO2 constitutes a sub-component of the environmental performance index. The technology achievement index exerts a positive, statistically significant impact, and a substantial contribution to green growth. This highlights the role of technology transfer in augmenting the effects of green growth among countries, as the development and adoption of new technologies are crucial for promoting sustainable economic growth. In contrast, the environmental performance index and environmental taxes display a positive and significant association with the green growth index. These observations underscore the importance of environmental concerns and policies in achieving green growth. Consequently, all variables in this model enhance green growth.



Finally, Model 6 presents the most comprehensive model by incorporating all explanatory variables into a single equation, with the exception of globalization due to its high correlation with other variables. The findings are largely consistent with those obtained from sub-specifications (Models 1 through 5). While carbon emissions have a detrimental impact on climate change adaptation, as observed in Model 4, they exhibit a negative and insignificant effect in Model 6. All other variables contribute positively to green growth. In terms of marginal effects, the comprehensive equation in Model 6 reveals that the variables exert greater marginal impacts compared to those obtained from sub-specifications.




3.4. Discussion


In this study, the determinants of green growth were empirically analyzed, taking into account various factors, such as globalization, diffusion of green technologies, climate change adaptation, economic performance, environmental and political values, climatic conditions, and technological achievements of nations. The investigation was conducted using a comprehensive panel dataset encompassing OECD economies.



The empirical findings of our study reveal statistically significant and positive associations between green growth and an array of factors considered, such as green technology diffusion, income level, globalization, climate change adaptation, government stability, foreign direct investment, carbon emissions, environmental performance, taxes, technological achievements, population, and temperature level. However, an intriguing observation was made regarding the impact of climate change adaptation, which exhibited a negative and insignificant effect on green growth when accounting for carbon emissions in Models 4 and 6. This outcome suggests that carbon emissions exert a detrimental and significant influence on the progress of climate change adaptation efforts.



In a context complementary to our findings, Georgeson et al. [84] proposed a policy framework that fosters green growth in both developing and developed economies. They emphasized the significance of employing economic, political, social, technological, and environmental approaches in the transformation of the green growth process. As a result, improvements in these aspects will potentially facilitate the progression of green growth. Fundamentally, a country’s income level serves as a critical factor in promoting green growth and sustainable development. Anser et al. [70] identified a causal relationship between GDP growth and carbon emissions, along with a bidirectional causality between economic growth and energy usage. Similarly, Chin et al. [50] found a positive association between economic growth and CO2 emissions. Moreover, several studies have concluded that the impact of income level, CO2 emissions, environmental performance, climate conditions, and innovations augment the green growth process [6,17,18,19,20].



FDI plays a vital role in the adoption of the green growth process. Ayamba et al. [85] established that FDI has an insignificant effect on environmental quality in the long term, but pollution variables exert a significant negative impact on FDI in the short term. Zafar et al. [59] demonstrated that trade openness and FDI exert significant positive effects on green growth in both the short term and the long term. Similarly, Ochoa-Moreno et al. [86] concluded that FDI contributes to increased CO2 emissions in the long term in Latin American economies. Furthermore, Khan et al. [64] identified significant causal relationships between export and import policies, income level, and green innovation, resulting in changes to consumption-based CO2 emission levels in G7 countries. These findings align with Shahzad et al.’s [87] conclusions for selected developed and developing countries. In this regard, our results corroborate the empirical evidence presented in these studies while extending the analysis to a more comprehensive scope that encompasses both developing and developed countries.



Considering the role of globalization in green growth, Ahmad and Wu [88] find that globalization displays mixed effects; specifically, it has a negative impact on the environment without its interaction with eco-innovation. On the other hand, Bilal et al. [68] examine the relationship between green technology innovation, CO2 emissions, and globalization and indicate that globalization has a positive and significant interaction with CO2 emissions.



Green technology diffusion, climate change adaptation, government stability, economic development, technological achievement, and environmental performance are particularly prominent factors shaping green growth. According to Samad and Manzoor [89], R&D expenditures, green technology, market size, and environmental taxation all have a substantial influence on green growth. Furthermore, Antal and Van Den Bergh [49] find that to achieve both environmental and economic goals, it is necessary to minimize climate change effects and environmental risks in long-term sustainability. In this respect, our results are in line with the findings of several studies (see, for instance, [90,91,92]). In contrast, He et al. [93] conclude that environmental performance has an adverse effect on green growth in developing economies.



In summary, our empirical analysis highlights the positive contribution of economic, environmental, technological, and social factors in achieving sustainable development, as supported by the extant literature. However, our findings go beyond previous studies by incorporating a more comprehensive set of factors influencing the progress of green growth. Our investigation offers complementary evidence to preceding research across a broader range of time periods and OECD countries, encompassing both developing and developed economies. Notably, our study is the first to establish that green growth does not emerge independently and diffuses from a country’s green technology diffusion and climate change adaptation efforts. Instead, factors such as green technology diffusion, climate change adaptation, economic growth, and technological achievement within a country act as significant drivers in fostering green growth.





4. Concluding Remarks and Policy Implications


Green growth represents an approach to economic growth that acknowledges the imperative of environmental protection and the promotion of sustainable development. The primary objective of this study is to identify an extensive array of macroeconomic factors that potentially influence green growth. To achieve this, we assess the potential causal factors contributing to green growth progress, such as economic performance, globalization, green technology diffusion, climate change adaptation, technological achievement, and institutional and environmental values. We employ the two-step system GMM method to estimate various dynamic panel data models. The relationship between green growth and a range of variables affecting it is examined using an annual frequency panel dataset spanning the period from 1990 to 2020.



Our empirical findings reveal that all examined factors exhibit a positive and statistically significant relationship with the green growth index, with the exception of climate change adaptation, which displays a negative effect. This outcome suggests a trade-off relationship between investments in climate change adaptation measures and those in sustainable development. Contrarily, another finding indicates a positive relationship between carbon emissions and green growth. Indeed, high levels of economic growth often result in increased carbon emissions. Consequently, a country could enhance its green growth score while maintaining high carbon emissions if it implements policies and technologies that bolster energy efficiency and encourage the utilization of renewable energy sources. This is because sustainable economic growth necessitates a balance between economic, social, and environmental factors, focusing on carbon emission reduction and clean energy source promotion. Furthermore, escalating carbon emissions might exert a catastrophic and significant influence on climate change adaptation. As a result, a country might attain a high green growth rate but remain more susceptible to the impacts of climate change, such as sea-level rise, drought, or high temperatures. Our results shows that GDP per capita demonstrates a positive and significant impact on green growth. Moreover, green technology diffusion exhibits a positive relationship with green growth. Similarly, population growth and temperature levels have a positive association with the green growth index.



Our findings indicate that globalization has a positive and significant effect on green growth. Considering the simultaneous shifts in globalization and green growth, it can be deduced that both phenomena are responses to the increasing interconnectivity of global economies and the need to prioritize sustainable development. Globalization has facilitated expanded trade and investment across nations, leading to economic growth and progress. Simultaneously, the growing recognition of the importance of environmental preservation has placed a focus on green growth, which seeks to promote economic development while ensuring environmental protection. Consequently, a positive relationship between globalization and green growth is observed, as both are centered on the promotion of sustainable development.



Our findings hold implications for policymakers as they endeavor to foster economic growth and development while simultaneously addressing environmental concerns. We discover that green technology diffusion among countries and environmental precautions are drivers of green growth progress. If green technologies are not widely adopted and climate change adaptation does not advance, the environmental benefits of sustainable development will not be fully realized. Therefore, by implementing policies such as renewable energy incentives, public R&D investments, carbon pricing, environmental tax initiatives, preferential tariffs, energy efficiency standards, international cooperation and partnerships, sustainable transportation, education and awareness-raising, and natural resource management that promote sustainable development, policymakers can create sustainability for both the economy and the environment.



In fact, our conclusions suggest that a key feature of green growth is its emphasis on the triple bottom line of sustainability, which encompasses environmental, technological, social, and economic factors. This implies that a country’s progress towards sustainable development is evaluated not only based on its environmental performance but also on its ability to achieve technological and economic growth that is both sustainable and equitable.



Policymakers should carefully consider the potential impacts of green growth on these factors and adopt policies and strategies that foster sustainable development and low-carbon emissions. This holds true for both the dissemination of green technology and the adaptation to climate change within a nation. Otherwise, it appears that macro-level conditions within a country could impede the advancement of the green growth process. These conditions include the adverse economic consequences resulting from a failure to reduce carbon emissions, as well as the escalating costs associated with natural disasters, infrastructure damage, and public health issues due to the intensifying effects of climate change, such as higher temperatures and increased carbon emissions. These costs have the potential to undermine economic growth and development.



To summarize, this study provides valuable insights into the green growth process by adopting a multi-perspective approach, incorporating relevant variables across various levels of analysis, and examining their interrelationships. Indeed, dynamic specifications applied to larger time series can aid in this effort by investigating the rate of dispersion and the influence of time on the green growth process. We believe that our findings lay the foundation for a more sophisticated understanding of the determinants of green growth impacting country-level trends in sustainable environment and development. Future studies could consider replicating the present study using longer-term datasets and conducting comparative analyses across continents or regions. Furthermore, exploring the impact of regional-level effects on green growth would contribute to the existing body of knowledge in this field.
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Figure 1. Time series plot of the average green growth index, 1990–2020. Source: authors’ calculation based on the OECD statistics database (available at https://www.oecd.org/greengrowth/green-growth-indicators/, accessed on 14 October 2022). 
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Table 1. Model specifications.






Table 1. Model specifications.





	Model Name
	Exclusion Restriction
	Excluded Variables
	Implied Relationship





	Model 1
	    α 3  =  α 4  =  α 5  =  α 8  =  α 9  =  α  10   = 0   
	fdi, gov, co2, epi, tax, tai
	ggi = f(gdp, glo, gtd, cct, pop, temp) + ε



	Model 2
	    α 4  =  α 5  =  α 8  =  α 9  =  α  10   = 0   
	gov, co2, epi, tax, tai
	ggi = f(gdp, glo, gtd, fdi, cct, pop, temp) + ε



	Model 3
	    α 2  =  α 5  =  α 8  =  α 9  =  α  10   = 0   
	glo, co2, epi, tax, tai
	ggi = f(gdp, gtd, cct, fdi, gov, pop, temp) + ε



	Model 4
	    α 2  =  α 7  =  α  8     =  α 9  =  α  10   = 0   
	glo, cct, epi, tax, tai
	ggi = f(gdp, gtd, fdi, gov, co2, pop, temp) + ε



	Model 5
	    α 2  =  α 5  = 0   
	glo, co2
	ggi = f(gdp, gtd, cct, fdi, gov, epi, tai, tax, pop, temp) + ε



	Model 6
	    α 2  = 0   
	glo
	 ggi   =   f ( gdp ,   gtd ,   cct ,   fdi ,   gov ,    co 2  ,  epi, tai, tax, pop, temp) + ε
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	
Country

	
lggi

	
lgdp

	
lglo

	
lfdi

	
lcct

	
lepi

	
lgtd

	
lco

	
lgov

	
ltax

	
ltai

	
lpop

	
ltemp






	
Mean of variables by country over the period of 1990–2020




	
Australia

	
4.09

	
4.50

	
1.89

	
10.29

	
2.63

	
1.79

	
3.93

	
1.22

	
0.89

	
0.33

	
0.33

	
7.32

	
1.46




	
Austria

	
3.85

	
4.15

	
1.93

	
9.77

	
2.26

	
1.85

	
3.86

	
0.89

	
0.88

	
0.37

	
0.33

	
6.92

	
1.05




	
Belgium

	
3.90

	
4.51

	
1.94

	
9.62

	
1.07

	
1.79

	
3.84

	
1.00

	
0.87

	
0.38

	
0.34

	
7.03

	
1.17




	
Canada

	
4.39

	
4.54

	
1.90

	
8.60

	
1.80

	
1.78

	
4.19

	
1.21

	
0.89

	
0.11

	
0.43

	
7.51

	
0.38




	
Chile

	
3.76

	
3.72

	
1.84

	
10.51

	
0.80

	
1.66

	
3.61

	
0.64

	
0.88

	
0.10

	
0.26

	
7.21

	
1.15




	
Colombia

	
3.98

	
3.94

	
1.74

	
10.34

	
1.40

	
1.78

	
2.07

	
0.22

	
0.85

	
0.17

	
0.18

	
7.62

	
1.47




	
Costa Rica

	
3.27

	
3.74

	
1.79

	
8.92

	
1.33

	
1.72

	
2.30

	
0.31

	
0.84

	
0.32

	
0.25

	
6.62

	
1.48




	
Czechia

	
3.72

	
4.34

	
1.89

	
10.36

	
1.21

	
1.81

	
3.03

	
1.05

	
0.84

	
0.41

	
0.32

	
7.02

	
1.12




	
Denmark

	
3.69

	
4.53

	
1.93

	
10.88

	
1.80

	
1.82

	
3.81

	
0.93

	
0.87

	
0.63

	
0.37

	
6.74

	
1.08




	
Estonia

	
2.93

	
4.18

	
1.85

	
9.65

	
0.49

	
1.78

	
2.02

	
1.11

	
0.89

	
0.33

	
0.33

	
6.14

	
1.00




	
Finland

	
3.60

	
4.49

	
1.92

	
8.89

	
1.33

	
1.82

	
3.98

	
1.01

	
0.90

	
0.46

	
0.41

	
6.72

	
0.84




	
France

	
4.60

	
4.48

	
1.92

	
9.37

	
1.96

	
1.84

	
4.71

	
0.73

	
0.87

	
0.37

	
0.38

	
7.80

	
1.21




	
Germany

	
4.75

	
4.52

	
1.92

	
9.62

	
2.16

	
1.84

	
5.11

	
0.99

	
0.88

	
0.34

	
0.40

	
7.91

	
1.14




	
Greece

	
3.74

	
4.35

	
1.87

	
9.57

	
1.26

	
1.79

	
2.81

	
0.87

	
0.84

	
0.45

	
0.25

	
7.03

	
1.29




	
Hungary

	
3.61

	
4.21

	
1.89

	
9.35

	
1.67

	
1.76

	
3.14

	
0.72

	
0.86

	
0.45

	
0.26

	
7.00

	
1.21




	
Iceland

	
3.06

	
4.56

	
1.84

	
8.86

	
0.75

	
1.83

	
2.21

	
0.84

	
0.90

	
0.42

	
0.40

	
5.48

	
0.72




	
Ireland

	
3.62

	
4.56

	
1.92

	
9.70

	
0.86

	
1.78

	
3.39

	
0.96

	
0.88

	
0.38

	
0.32

	
6.62

	
1.12




	
Israel

	
3.66

	
4.43

	
1.85

	
10.53

	
2.16

	
1.76

	
3.79

	
0.94

	
0.85

	
0.44

	
0.33

	
6.83

	
1.42




	
Italy

	
4.57

	
4.48

	
1.89

	
10.55

	
1.50

	
1.84

	
4.29

	
0.82

	
0.82

	
0.51

	
0.29

	
7.77

	
1.23




	
Japan

	
4.90

	
4.48

	
1.84

	
8.97

	
2.94

	
1.81

	
5.64

	
0.97

	
0.87

	
0.19

	
0.47

	
8.10

	
1.19




	
Korea

	
4.33

	
4.11

	
1.83

	
9.98

	
2.69

	
1.70

	
2.14

	
0.34

	
0.84

	
0.37

	
0.24

	
7.68

	
1.22




	
Latvia

	
2.99

	
4.10

	
1.81

	
8.34

	
0.53

	
1.83

	
2.12

	
0.56

	
0.89

	
0.65

	
0.28

	
6.35

	
1.03




	
Lithuania

	
2.99

	
4.15

	
1.82

	
9.86

	
0.86

	
1.81

	
2.00

	
0.64

	
0.88

	
0.33

	
0.30

	
6.51

	
1.05




	
Luxembourg

	
3.39

	
4.82

	
1.91

	
10.19

	
0.63

	
1.86

	
3.16

	
1.31

	
0.97

	
0.39

	
0.23

	
5.68

	
1.16




	
Mexico

	
4.51

	
4.11

	
1.78

	
9.58

	
2.27

	
1.69

	
2.87

	
0.61

	
0.86

	
0.25

	
0.21

	
8.02

	
1.46




	
Netherlands

	
4.11

	
4.56

	
1.93

	
10.03

	
1.60

	
1.83

	
4.35

	
1.03

	
0.88

	
0.54

	
0.38

	
7.21

	
1.16




	
New Zealand

	
3.47

	
4.41

	
1.87

	
9.68

	
1.78

	
1.82

	
3.16

	
0.89

	
0.86

	
0.16

	
0.31

	
6.61

	
1.17




	
Norway

	
3.72

	
4.62

	
1.92

	
9.48

	
1.84

	
1.85

	
3.57

	
0.94

	
0.87

	
0.44

	
0.42

	
6.67

	
0.75




	
Poland

	
4.09

	
4.16

	
1.85

	
8.63

	
1.80

	
1.81

	
3.51

	
0.92

	
0.84

	
0.36

	
0.31

	
7.58

	
1.12




	
Portugal

	
3.73

	
4.34

	
1.89

	
9.98

	
1.49

	
1.77

	
2.62

	
0.71

	
0.87

	
0.45

	
0.25

	
7.01

	
1.32




	
Slovakia

	
3.37

	
4.21

	
1.86

	
8.63

	
0.89

	
1.81

	
2.40

	
0.84

	
0.86

	
0.35

	
0.30

	
6.73

	
1.12




	
Slovenia

	
3.17

	
4.35

	
1.83

	
9.08

	
1.33

	
1.80

	
2.60

	
0.85

	
0.94

	
0.56

	
0.35

	
6.31

	
1.15




	
Spain

	
4.37

	
4.40

	
1.90

	
8.06

	
1.96

	
1.79

	
3.77

	
0.79

	
0.86

	
0.28

	
0.32

	
7.64

	
1.29




	
Sweden

	
3.84

	
4.54

	
1.93

	
10.26

	
1.44

	
1.85

	
4.25

	
0.73

	
0.86

	
0.40

	
0.43

	
6.96

	
0.86




	
Switzerland

	
3.93

	
4.65

	
1.94

	
10.79

	
1.25

	
1.90

	
4.41

	
0.72

	
0.95

	
0.21

	
0.39

	
6.88

	
0.98




	
Turkey

	
4.35

	
4.16

	
1.81

	
9.75

	
1.20

	
1.65

	
2.81

	
0.56

	
0.88

	
0.38

	
0.19

	
7.83

	
1.24




	
UK

	
4.59

	
4.48

	
1.93

	
9.30

	
2.05

	
1.83

	
4.57

	
0.91

	
0.88

	
0.39

	
0.41

	
7.79

	
1.10




	
US

	
5.38

	
4.62

	
1.89

	
9.38

	
2.96

	
1.77

	
5.49

	
1.26

	
0.90

	
0.07

	
0.72

	
8.47

	
1.20




	
Overall statistics




	
Obs.

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178

	
1178




	
Mean

	
3.90

	
4.36

	
1.88

	
2.26

	
0.88

	
0.84

	
3.46

	
1.58

	
1.80

	
0.36

	
0.33

	
7.09

	
1.14




	
Std. Dev.

	
0.58

	
0.30

	
0.07

	
0.10

	
0.09

	
0.25

	
1.03

	
1.05

	
0.07

	
0.18

	
0.11

	
0.66

	
0.23




	
Min.

	
1.90

	
3.24

	
1.62

	
1.84

	
0.48

	
0.08

	
0.30

	
0.00

	
1.50

	
0.00

	
0.09

	
5.41

	
0.00




	
Max.

	
5.51

	
5.08

	
1.96

	
2.47

	
1.05

	
1.44

	
5.71

	
3.95

	
1.96

	
1.82

	
0.82

	
8.52

	
1.49




	
SW-W

	
0.99 †

	
0.97 †

	
0.88 †

	
0.98 †

	
0.98 †

	
0.97 †

	
0.99 †

	
0.94 †

	
0.98 †

	
0.85 †

	
0.94 †

	
0.97 †

	
0.58 †








Notes: Obs. is the number of observations, Min. is the minimum, Max. is the maximum, while Std. Dev. denotes the standard deviation. SQ-W stands for the Shapiro–Wilk W test for normal data. † indicates significance at the 1% level.
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Table 3. Pearson pairwise correlation matrix.
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	lggi
	lgdp
	lglo
	lfdi
	lgov
	lco
	lgtd
	lcct
	lepi
	ltax
	ltai
	lpop
	ltemp





	lggi
	1.00
	
	
	
	
	
	
	
	
	
	
	
	



	lgdp
	0.30
	1.00
	
	
	
	
	
	
	
	
	
	
	



	lglo
	0.27
	0.76
	1.00
	
	
	
	
	
	
	
	
	
	



	lfdi
	0.11
	0.33
	0.38
	1.00
	
	
	
	
	
	
	
	
	



	lgov
	−0.06
	0.05
	0.09
	0.03
	1.00
	
	
	
	
	
	
	
	



	lco
	0.12
	0.51
	0.42
	−0.05
	0.15
	1.00
	
	
	
	
	
	
	



	lgtd
	0.73
	0.54
	0.60
	0.18
	0.04
	0.44
	1.00
	
	
	
	
	
	



	lcct
	0.37
	−0.19
	−0.16
	−0.17
	0.14
	0.15
	0.25
	1.00
	
	
	
	
	



	lepi
	0.01
	0.64
	0.54
	0.17
	−0.08
	0.22
	0.32
	−0.41
	1.00
	
	
	
	



	ltax
	−0.32
	0.03
	0.05
	−0.07
	0.03
	0.02
	−0.20
	−0.07
	0.10
	1.00
	
	
	



	ltai
	0.40
	0.58
	0.54
	0.07
	0.14
	0.45
	0.64
	0.14
	0.36
	−0.16
	1.00
	
	



	lpop
	0.88
	−0.06
	0.00
	0.02
	−0.13
	−0.11
	0.53
	0.41
	−0.20
	−0.30
	0.17
	1.00
	



	ltemp
	0.16
	−0.26
	−0.26
	0.20
	−0.13
	−0.33
	−0.10
	0.11
	−0.27
	−0.02
	−0.33
	0.30
	1.00







Note: boldface indicates significance at 1% level.
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Table 4. Cross-sectional dependence and slope homogeneity tests.
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Test

	
Statistic

	
p-Value

	
Statistic

	
p-Value






	

	
Test in Model 1

	
Test in Model 4




	
LM

	
393.895 †

	
0.000

	
299.657 †

	
0.000




	
CD

	
128.57 †

	
0.000

	
103.36 †

	
0.000




	
CDLM

	
19.011 †

	
0.000

	
13.889 †

	
0.000




	
      Δ ˜    HAC     

	
0.832

	
0.406

	
0.588

	
0.556




	
      Δ ˜     adj ,   HAC      

	
1.126

	
0.260

	
0.796

	
0.426




	

	
Test in Model 2

	
Test in Model 5




	
LM

	
366.489 †

	
0.000

	
429.607 †

	
0.000




	
CD

	
140.75 †

	
0.000

	
93.16 †

	
0.000




	
CDLM

	
15.329 †

	
0.000

	
9.623 †

	
0.000




	
      Δ ˜    HAC     

	
1.103

	
0.270

	
0.251

	
0.802




	
      Δ ˜     adj ,   HAC      

	
1.493

	
0.135

	
0.340

	
0.734




	

	
Test in Model 3

	




	
LM

	
290.148 †

	
0.000

	

	




	
CD

	
67.66 †

	
0.000

	

	




	
CDLM

	
10.072 †

	
0.000

	

	




	
      Δ ˜    HAC     

	
−0.639

	
0.523

	

	




	
      Δ ˜     adj ,   HAC      

	
−0.865

	
0.387

	

	








Notes: table reports cross-sectional dependence and slope homogeneity tests. † denotes significance at the 1% level.
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Table 5. Panel unit root tests.






Table 5. Panel unit root tests.





	

	
Tests with a Constant

	
Tests with a Constant and Trend




	
Variable

	
CIPS

	
M-CIPS

	
CADF

	
CIPS

	
M-CIPS

	
CADF






	
lggi

	
−3.352 ***

	
−12.248 **

	
−2.395 ***

	
−3.719 ***

	
−12.925 **

	
−2.871 **




	
lgdp

	
−2.270 ***

	
−11.551 **

	
−2.433 ***

	
−2.383 *

	
−16.114 **

	
−2.366 ***




	
lglo

	
−2.816 ***

	
−13.954 **

	
−2.101 **

	
−3.388 ***

	
−21.116 **

	
−2.608 ***




	
lfdi

	
−3.662 ***

	
−19.074 **

	
−2.853 ***

	
−3.941 ***

	
−20.252 **

	
−4.257 **




	
lgov

	
−3.125 ***

	
−10.881 **

	
−2.848 ***

	
−3.526 ***

	
−11.771 **

	
−3.038 ***




	
   lco   

	
−2.077 *

	
−11.144 **

	
−1.770 *

	
−2.490 *

	
−13.662 **

	
−2.060 *




	
lgtd

	
−2.398 ***

	
−11.518 **

	
−2.562 ***

	
−2.543 *

	
−15.726 **

	
−2.333 *




	
lepi

	
−2.097 **

	
−19.129 **

	
−2.307 ***

	
−3.947 **

	
−18.983 **

	
−2.322 *




	
lcct

	
−2.322 ***

	
−12.127 **

	
−1.517 *

	
−3.414 **

	
−13.117 **

	
−2.483 *




	
ltax

	
−1.439

	
−13.554 **

	
−1.431

	
−1.824*

	
−15.120 **

	
−2.523 *




	
ltai

	
−2.926 **

	
−13.772 **

	
−2.039 **

	
−2.666 **

	
−14.482 **

	
−2.478 *




	
lpop

	
−1.517

	
−14.184 **

	
−2.535 ***

	
−1.563 *

	
−12.410 **

	
−2.555 *




	
ltemp

	
−4.963 ***

	
−19.404 **

	
−3.244 ***

	
−5.380 **

	
−15.136 **

	
−3.632 ***








Notes: CIPS is the cross-sectionally augmented Im–Pesaran–Shin test of Pesaran [81], M-CIPS is the modified CIPS tests of Westerlund and Hosseinkouchack [82], and CADF is the augmented Dickey–Fuller test of Pesaran [83]. ***, **, and * denote the significance at the 1%, 5%, and 10% levels, respectively. The null hypothesis for all tests is the existence of a unit root.
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Table 6. Dynamic panel model estimates.






Table 6. Dynamic panel model estimates.














	Variable
	Model 1
	Model 2
	Model 3
	Model 4
	Model 5
	Model 6





	L.lggi
	0.3581 ***
	0.3619 ***
	0.3734 ***
	0.3683 ***
	0.3681 ***
	0.3655 ***



	
	(0.004)
	(0.012)
	(0.0073)
	(0.009)
	(0.0128)
	(0.012)



	lgdp
	0.2288 ***
	0.2293 ***
	0.2581 ***
	0.2630 ***
	0.2447 ***
	0.24864 ***



	
	(0.008)
	(0.005)
	(0.0075)
	(0.009)
	(0.0082)
	(0.0097)



	lglo
	0.2207 ***
	0.1797 ***
	
	
	
	



	
	(0.004)
	(0.046)
	
	
	
	



	lfdi
	
	0.0027 ***
	0.0011 ***
	0.0057 ***
	0.0026 ***
	0.0055 ***



	
	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.001)



	lgov
	
	
	0.0866 ***
	0.0826 ***
	0.0761 ***
	0.0717 ***



	
	
	
	(0.004)
	(0.004)
	(0.0041)
	(0.0058)



	lco
	
	
	
	0.1679 ***
	
	0.1343 ***



	
	
	
	
	(0.0126)
	
	(0.0124)



	lgtd
	0.0404 ***
	0.0412 ***
	0.0452 ***
	0.0375 ***
	0.0402 ***
	0.03434 ***



	
	(0.001)
	(0.002)
	(0.0028)
	(0.0026)
	(0.0015)
	(0.0025)



	lepi
	
	
	
	
	0.05053 ***
	0.04212 ***



	
	
	
	
	
	(0.0088)
	(0.0093)



	lcct
	0.0051 ***
	0.0050 ***
	0.0034 ***
	−0.00137 ***
	0.0034 ***
	−0.0006



	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)



	ltax
	
	
	
	
	0.0778 ***
	0.0517 ***



	
	
	
	
	
	(0.0091)
	(0.0113)



	ltai
	
	
	
	
	0.0664 ***
	0.0712 ***



	
	
	
	
	
	(0.0061)
	(0.0111)



	lpop
	0.4574 ***
	0.4519 ***
	0.4456 ***
	0.4577 ***
	0.4710 ***
	0.47578 **



	
	(0.013)
	(0.0132)
	(0.0105)
	(0.0129)
	(0.0114)
	(0.1990)



	ltemp
	0.0932 **
	0.0925 ***
	0.1042 ***
	0.1188 ***
	0.1038 ***
	0.1173 **



	
	(0.002)
	(0.003)
	(0.004)
	(0.0082)
	(0.0042)
	(0.0107)



	Constant
	−2.401 ***
	−2.3303 ***
	−2.8978 ***
	−2.45663 ***
	−2.4345 ***
	−2.5802 ***



	
	(0.1063)
	(0.1081)
	(0.006)
	(0.0787)
	(0.09461)
	(0.1173)



	N
	1140
	1140
	1140
	1140
	1140
	1140



	    χ 2    
	673,323.67 ***
	436,125.62 ***
	154,449.73 ***
	417,670.28 ***
	56,818.80 ***
	61,834.47 ***



	LM-AR(1)
	−1.7725 **
	−1.7781 **
	−1.7887 **
	−1.7936 **
	−1.7972 **
	−1.7937 **



	LM-AR(2)
	0.4035
	0.4020
	0.3368
	0.31768
	0.25976
	0.2669



	Sargan J stat.
	36.6705
	36.6039
	37.24119
	36.66929
	36.54309
	36.60727







Notes: Table reports system GMM estimates with Windmeijer-corrected standard errors in parentheses. N denotes number of observations,    χ 2    denotes Chi-square statistic for joint significance of all slope parameters, LM-AR(1) and LM-AR(2) denote Arellano–Bond test for first- and second-order serial correlation in the first-differenced residuals, respectively. Sargan J stat is the Sargan test of the overidentifying restrictions. ** and *** denote significance at 5% and 1% levels, respectively.
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