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Abstract


The Paris Agreement requires countries to propose their National Determined Contributions (NDCs) and encourages companies to engage in climate action. This two-stage study explores the mutual influence of national and corporate carbon reduction targets and their effect on the adoption of renewable energy using Hierarchical Linear Modeling (HLM). The subjects are companies nested in the G20, engaging in the Science-Based Target initiative (SBTi) or the RE100 initiative. These empirical results show corporate targets are positively correlated to adoption of renewable energy, and development of renewable energy varies by country groups, however; national targets are insignificantly correlated. Our key findings: (1) companies which set SBTs are more willing to use renewable energy to achieve their targets but prefer power purchase agreements (PPAs) and renewable energy certificates (RECs) to investment in renewables. (2) The effect of a national-level target on corporate renewable energy use is non-significant, probably because most multinational corporations are used to compliance and their performances are likely to be better than the national deployment on climate change. We argue that an industrial energy transition to renewables is economically beneficial and needs substantial support in the form of policies or subsidies, instead of just setting targets or attracting publicity.
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1. Introduction


Climate change has become one of the most crucial issues affecting human survival and has resulted in action to prevent a major crisis, including mitigation and adaption. The aim of mitigation is to fundamentally lessen the impacts of climate change. For example, technologies associated with energy efficiency and renewable energy have been developed to reduce greenhouse gas (GHG) emissions. However, the goal of overcoming the global challenges posed by climate change will remain elusive through the endeavors of a single country or area and is feasible only through worldwide collaboration. To this end, reliance has to be placed on an effective global governance mechanism [1], under which governments, companies and the public are encouraged to actively take measures to reduce carbon emissions, for example through investment and the adoption of renewable energy.



The concept of global governance originates from public issues related to globalization and its associated management mechanism [2,3,4,5]. Conventionally, the discussions and solutions in relation to climate change have been jointly steered by the governments of major countries, and the international community has also addressed the global issues on the basis of legitimacy, as shown in the Montreal Protocol, a treaty to protect the ozone layer, and the Kyoto Protocol, which was aimed at mitigating global warming. However, the conflicts of interest between developed and developing countries have resulted in their lack of a consensus regarding the implementation of environmental policies, and the realization of environmental goals under the international legal framework has become a protracted process. Therefore, in order to resolve the above-mentioned predicaments, the concept and framework of global governance has gradually been revived in recent years. The decision-makers with regard to environmental issues were originally composed of states and international organizations, but now include local governments, companies and non-governmental organizations (NGOs) [3,6]. Compared to the collaborative partnerships at the state level, while the initiatives of NGOs and others have not been mandatory, they are still authoritative in relation to public issues. They have also helped establish common standards, have promoted international discussion, and have further led to the implementation of related solutions [7,8].



As part of the Paris Agreement, parties reached a consensus on limiting carbon emissions to keep global warming well below 2 °C and on mitigating the impact of global climate risk [9]. Moreover, since 2020, more than 100 countries have announced targets of net-zero emissions and have expressed their resilience to climate change in order to make a transition to a low-carbon economy [10]. The Paris Agreement has resulted in new multilateral climate action, which incorporates the concept of global governance. The climate action not only includes national commitments, but also places an emphasis on non-state actors [11]. The non-state actors are wide-ranging and include both organizations and individuals. According to the Oslo Principle, companies, as the basic participants in a country’s economy, have the ability and obligation to reduce carbon emissions and mitigate climate change. Taebi and Safari (2017) also argue that multinational corporations (MNCs) have a great influence on the mitigation of carbon emissions in a country. However, it would be difficult for a government to mandate companies to take action by law. It is more feasible to offer incentives or put social pressure on companies to make them reduce their emissions [12,13]. This also implies the close interaction and correlation between countries and companies regarding climate change issues.



Under the framework of the Paris Agreement, countries are required to submit Nationally Determined Contributions (NDCs), the goals set to limit global warming by countries depending on their respective capabilities. The NDCs are to be reviewed every five years. In addition, in response to the international trend and the impact of climate risk, more and more companies have committed themselves to climate action and have shifted towards a low-carbon and sustainable commercial model. Since the corporate carbon reduction outcomes are taken into account in the overall national carbon reduction plan, the government encourages the private sector to commit to carbon reduction and to treat the adoption of renewable energy as a priority through legal mandates and policy incentives [14]. Corporate carbon reduction action is related to a whole host of factors, such as government policy, the social environment and their own risk. In particular, the adoption of renewable electricity by companies is dependent not only on their operations and financial conditions, but also on national renewable energy policies [15,16]. Thus, this study hypothesizes that the corporate and national carbon reduction actions are part of a nested structure. The targets of national carbon reduction and corporate carbon reduction are correlated, and the variables at the national level might have an interaction effect on the corporate decision to adopt renewable electricity.



This study focuses on the companies within the Group of Twenty (G20), which voluntarily engage in climate action, and analyzes what drives them to adopt renewable electricity. This study includes two stages. The objective in stage I is to evaluate the effect of corporate carbon reduction targets on their own adoption of renewable energy, that is, to confirm whether the companies will actually use renewable energy because of their targets. Stage II investigates the effect of a national carbon reduction target on the corporate target. By using Hierarchical Linear Modeling (HLM), this study analyzes the relationship between the national carbon reduction target, the corporate carbon reduction target and the corporate adoption of renewable electricity. The analysis starts by examining the hypothesis that companies are nested in the country and then verifies the direct and intermediary effect of the national carbon reduction target on the corporate target and the corporate adoption of renewable energy.



We focus on the effect of global carbon reduction action on the corporate adoption of renewable energy and presumes that a national carbon reduction target would exert a positive influence on corporate carbon reduction action and would encourage companies to give priority to renewable electricity. Following this section, which introduces the study’s background and objectives, Section 2 outlines the international carbon reduction action and provides a literature review. Section 3 explains the data sources and methodology, Section 4 presents the empirical results and a discussion. Finally, Section 5 and Section 6 finally provide discussion, conclusions and recommendations.




2. Literature Review


2.1. The Development of International Carbon Reduction Action and Related Studies


In December 1997, the United Nations Framework Convention on Climate Change (UNFCCC) held the third Conference of the Parties (COP3) and adopted the Kyoto Protocol, which outlined the prospects for GHG emissions mitigation, and required both developed and developing countries to adopt Common But Differentiated Responsibilities (CBDR) [17]. However, while the Clinton Administration agreed with this treaty, it was never submitted to the US Senate for ratification because of potential political disapproval [18]. Thus, without the US’s cooperation, the Kyoto Protocol did not work well. At the COP15, held in Copenhagen in 2009, China and the US, the two largest CO2 contributors, did not reach any consensus, and their boycott also hindered the follow-up carbon reduction plans beyond 2012 [19]. The Doha Amendment to the Kyoto Protocol in 2012 only extended the first commitment period to 2020 [17]. However, compared with the Kyoto Protocol, which set equal mandates of carbon reduction for all countries, the Paris Agreement of December 2015 permitted all signatory states to determine their own contributions under the common goal of keeping the rise in global temperature well below 2 °C. In addition, for the first time non-state actors, such as cities and companies, became involved in the global carbon reduction action [20]. To respond to the goals of the Paris Agreement, since 2020 over 100 countries have set their roadmap for net-zero emissions, which is to be achieved through government legislation and policy implementation. Cities and companies have also made commitments to net-zero emissions and a transition toward a sustainable and circular economy.



According to Persson (2019), global governance in relation to climate change is categorized as consisting of four parts [21]. First, the signatory states are required to make substantive commitments without using definitions or metrics to quantify such commitments. Second, all countries are required to report their plan and its implementation through regular reviews. Developing countries are also provided with support in order to design their program for climate action. Third, developed countries submit regular reports and are committed to helping finance developing countries. Parties and the funding boards enact the rules on eligibility and set the standards for priority activities to assist developing countries. Fourth, international initiatives and databases are established for the purpose of knowledge development and sharing information.



Of these four aspects, establishing international initiatives and databases is most of all related to non-state actors. In particular, the CDP (formerly the Carbon Disclosure Project until 2012) is the organization with the most outstanding achievements on climate action. The CDP started with the “Climate Change Program” in 2000 and has established the largest and most comprehensive GHG emissions dataset, which covers companies worldwide and discloses their contributions to GHG emissions [22]. Through annual questionnaires and the cooperation of 590 investment institutions holding over 110 trillion dollars in assets, and hundreds of brand companies with over 5.5 trillion dollars in total purchasing power, the CDP collects and analyzes the data from thousands of companies regarding their carbon management and climate change strategies. Both the investors and the brand companies are invited to fill in the questionnaire with a view to affecting the industry supply chain and urging companies to respond to climate change issues, set their carbon reduction targets and consider the climate risks and opportunities when making business decisions. As climate change issues have received more attention, the CDP has worked with the UN Global Compact, the World Resources Institute and the World Wildlife Fund to found the Science Based Target initiative (SBTi) and support companies in fulfilling their carbon reduction targets through climate science [23]. It has also urged companies to realize the 2 °C scenario set by the International Energy Agency (IEA) and has further raised their emissions reduction target in order to achieve the 1.5 °C scenario.



Led by the Climate Group and in partnership with the CDP in 2014, the RE100 is now the most prominent global corporate leadership initiative, with its member companies aiming to source 100% renewable electricity by 2050 [24]. The RE100, in addition to tracking their progress regularly, also encourages its member companies to disclose their data on electricity management and share their success stories. Energy produced from renewable sources, such as solar, wind, biomass, biogas, geothermal and hydropower, is recognized by the RE100.



The RE100 has driven its member companies to procure and invest in renewable energy. According to Bloomberg New Energy Finance (BNEF), by 2030, they will purchase 190 TWh of renewable energy, 102 GW of solar and wind energy and create investment opportunities amounting to 94 billion dollars. Like the CDP, the RE100 also requires its member companies to influence their suppliers to achieve the target of 100% renewable electricity and to encourage them to create mechanisms in countries where the legislation on renewable energy is still insufficient. For example, Apple has made a pledge to facilitate the adoption of 100% renewable energy within its supply chain.




2.2. Corporate Carbon Reduction and Related Studies on the Adoption of Renewable Energy


The basic philosophy of corporate social responsibility (CSR) is that companies, along with their pursuit for profit, have to consider and exercise their responsibility from the perspectives of the environment, humanity and prosocial behaviors. Maximizing stockholders’ wealth is not the sole principle of decision making. Currently, CSR has gradually been extended to include international initiatives in the hope of becoming more influential.



Gonzalez-Ramos, Donate, and Guadamillas (2018) argue that the purposes behind the exercise of CSR among companies are as follows. First, it could help companies attract and retain talent, which would help them maintain a leading position in the industry. Second, information regarding innovative activities could make companies react to market changes more swiftly and detect the needs of new stakeholders. Third, via a CSR campaign, companies could gain invisible assets, such as goodwill, and further improve their financial performance [25]. Although CSR includes environmental, social and governance (ESG) dimensions, companies have devoted the most resources to environmental protection. Previous studies also indicate that the disclosure of information on environmental protection is beneficial to corporate operation. Akrout and Othman (2016) looked at companies in the Middle East and North Africa (MENA) and found that disclosing environmental protection information in their annual reports could enhance the market liquidity of their stocks [26]. Matsumura, Prakash and Vera-Muñoz (2014) also found that the components of Standard and Poor’s 500 index which disclosed their carbon emissions resulted in companies having higher market value, and their market value was positively correlated to the extent of disclosure [27]. However, for companies, the incentives are not the sole factor which pushes them to campaign for environmental protection. The reason why they do so is that they want to address climate risk and lower compliance costs. Harrast and Olsen (2016) argued that the companies with more GHG emissions and releases of toxic chemicals were more likely to choose to disclose their environmental information to avoid prosecution [28].



In addition, companies also adopt renewable energy to improve their environmental performance. Shin, Ellinger, Nolan, DeCoster, and Lane (2018) found that companies on the EPA Green Power Partner List had better financial performance compared to their peer group [29]. van Prooijen (2019) also pointed out that energy suppliers are likely to gain public trust when they invest in renewable energy to reduce costs and increase the economic benefits for consumers. However, the incentive to achieve better financial performance does not necessarily encourage more companies to discard their high emission energy and turn to renewable energy [30]. Nilsen (2017) took the Norwegian state-owned energy company, Equinor, as an example, and argued that the company increased its investment in renewable energy mainly because of its technological development strategy [31]. Zhang, Lai, Wang, and Wang (2017) investigated Chinese stockholders’ opinions with regard to the clean development mechanism (CDM) and argued that CDM could increase the corporate stockholder value. However, they preferred the industrial gas reuse project to investment in renewable energy, although the two effects are not different statistically [14]. To sum up, companies adopt multiple approaches to achieve their carbon reduction targets, and renewable energy might not be their first choice when seeking to reduce cost.





3. Research Methodology


With its focus on companies in the G20 countries, this study explores the effect of global carbon reduction action on the corporate adoption of renewable energy. The RE100 is an international initiative for renewable energy that is mainly composed of companies, and all members set their own target date for achieving 100% renewable electricity, which is no later than 2050. According to its 2020 annual report, over 300 companies worldwide responded to the RE100 initiative, and their total power demand has exceeded that of one G7 country, such as the UK or Italy [24]. This study aims to analyze the companies’ motivation to adopt renewable energy and is divided into two stages. As shown in Figure 1, Stage I sets out to evaluate the effect of the corporate carbon reduction target on its adoption of renewable energy. Stage II turns to evaluate the effect of a national carbon reduction target on the corporate adoption of renewable energy by HLM. It is essential to perform 3-step regression processing under HLM to test whether the data are nest form and to confirm whether the high-level explanatory variable affects the low-level explanatory variables and the dependent variable.



3.1. Data Sources


This study focuses on two dimensions, namely, target adoption and target stringency, in analyzing corporate carbon reduction targets by referring to Wang and Sueyoshi (2018) [32]. The science-based targets (SBTs) dataset from the BNEF includes the corporate target, base year, end year, industrial sector and home country where the company is headquartered. The RE100 members’ targets come from their annual report, including the company name, home country, joining year and target year, interim target year and progress in target achievement over the years. In addition, the corporate information, from the Compustat database, is incorporated into this analysis as the control variables, since the industrial sector and financial conditions are probably related to the corporate adoption of renewable energy and their target setting. Figure 2 shows the distribution of countries of samples. Most companies are located in developed countries.




3.2. Empirical Model


To achieve the reduction target, the companies not only try to reduce their own direct emissions, but also use renewable electricity to reduce indirect emissions. The fact that the companies set an RE100 target also implies the priority they attribute to renewable electricity use. As a result, Equation (1) and Equation (2) are developed to assess the effect of the RE100 initiative on the corporate carbon reduction.



Since the dependent variable RE100i is a dummy variable, we employ a logistic regression with the dependent variable RE100i, which refers to whether company i has joined the RE100 initiative in Equation (1). SBTi stands for target adoption and is applied as the independent variable in Equation (1). CVsi is a number of control variables, including the natural log of total assets, the intensity of research and development, and corporate financial leverage. ϕ stands for a logistic regression, and εi is the residual term.


  R E   100  i  = ϕ  (   β 0  +  β 1   X i  +  β k    C V  s i  +  β I    I n d u s t r  y i  +  ε i     )   



(1)







Equation (2) is a multiple regression in which the dependent variable REPRi and the independent variable TSi, respectively, refer to the target intensity of renewable energy use and emission reduction. The intensity of the reduction target is calculated as the average annual reduction during the target period [32,33,34]. Corporate emissions can be distinguished into Scope 1, 2 and 3, and the reduction target only covers Scope 1 and 2 emissions without separation, since the Scope 3 emissions are difficult to measure, and companies also lack direct incentives to reduce those emissions [35]. Other variables have the same definitions as applied in Equation (1), and operational definitions and data sources are summarized in Table 1.


  R E P  R i  =  β 0  +  β 1   X i  +  β k    C V  s i  +  β I    I n d u s t r  y i  +  ε i   



(2)







To achieve their NDCs, countries can promote energy transition policies to strike a balance between national economic growth and environmental protection [36,37,38]. The Paris Conference (COP 21), for the first time, incorporates non-state actors into its global carbon reduction plans, and the Madrid Conference (COP 25) places emphasis on the public–private partnership (PPP) collaborative mechanism among the private sectors and governments to achieve the goals, consistent with the spirit of COP 21. Existing studies also recognize non-state actors playing the key role in emissions mitigation. Both conferences suggest that corporate action on emission mitigation is related to national efforts to achieve NDCs [39,40,41].



Since the corporate carbon reduction action is likely to be influenced by the national policy and the social atmosphere of environmental awareness, and the use of renewable energy highly depends on the support by the country itself, this study infers that the corporate carbon reduction action is nested in the national target, and further analyzes the effect of corporate and national-level targets. We hypothesize that the intensity of the corporate carbon reduction target is related to NDCs and acts as a mediator between the national-level variable and the corporate renewable energy adoption. We propose using the HLM, which is commonly used in the field of educational psychology, to establish models with Equations (1) and (2) accordingly and to study the effect of a national carbon emission reduction target on corporate renewable energy use [42]. The structure and relationships of the relevant variables are shown in Figure 3.



In Study II, by referring to Goldstein (2011) and Hox (2010), we simplify the structure of Equation (1), and refer to Raudenbush and Bryk (2002) to construct a multilevel logistic regression, as shown in Equations (3)–(6), and combine the two-level regressions into a mixed model, as shown in Equation (7) [43,44,45].


  Level   1 :   R E   100   i , j   = ϕ  (   β  0 , j   +  β  1 , j   S B  T  i , j   +  β  2 , j   T  S  i , j   +  ε  i , j    )   



(3)






  Level   2 :    β  0 , j   =  r  00   +  r  01   N D  C j  +  u  0 , j    



(4)






   β  1 , j   =  r  10   +  r  11   N D  C j  +  u  1 , j    



(5)






   β  2 , j   =  r  20   +  r  21   N D  C j  +  u  2 , j    



(6)






   Mixed :   R E   100   i , j   = ϕ  (   β  0 , j   +  β  1 , j   S B  T  i , k   +  β  2 , j   T  S  i , j   +  ε  i , j    )     = ϕ  [       r  00   +  r  01   N D  C j  +  u  0 , j   +  (   r  10   +  r  11   N D  C j  +  u  1 , j    )  S B  T  i , j   +        (   r  20   +  r  21   N D  C j  +  u  2 , j    )  T  S  i , j   +  ε  i , j        ]     = ϕ  (   r  00   +  r  10   T  A  i , j   +  r  20   T  S  i , j   +  r  01   N D  C j  +  r  11   N D  C j  × S B  T  i , j   +  r  21   N D  C j  × T  S  i , j   +  u  0 , j   +  u  1 , j   T  A  i , j   +  u  2 , j   T  S  i , j   +  ε  i , j    )    



(7)







We also apply the aforementioned approach to establish a two-level HLM by simplifying the structure of Equation (2) and applying the intensity of promoting renewable energy use by a company to a dependent variable, as shown in Equations (8)–(11), which can be further integrated into Equation (12).


  Level   1 :   R E P  R  i , j   =  β  0 , j   +  β  1 , j   S B  T  i , j   +  β  2 , j   T  S  i , j   +  ε  i , j    



(8)






  Level   2 :    β  0 , j   =  r  00   +  r  01   N D  C j  +  u  0 , j    



(9)






   β  1 , j   =  r  10   +  r  11   N D  C j  +  u  1 , j    



(10)






   β  2 , j   =  r  20   +  r  21   N D  C j  +  u  2 , j    



(11)






  Mixed :   R E P  R  i , j   =  r  00   +  r  10   S B  T  i , j   +  r  20   T  S  i , j   +  r  01   N D  C j  +  r  11   N D  C j  × S B  T  i , j   +  r  21   N D  C j  × T  S  i , j    



(12)







The full HLM is presented in Equations (7) and (12), but the analysis has to determine the data applicability for the models step by step, and not directly use the full model for analysis in practice. The following describes the process of HLM adoption [45].



	
HLM-ANOVA Model






The analysis of variance (ANOVA) model under the HLM is known as the null model implemented without the explanatory variables. This model is aimed to test whether the data is nest form. The ANOVA model implies testing for differences between means by groups, as shown in Equations (13)–(15), where Yi,j is the level 1 dependent variable.


  Level   1 :    Y  i , j   =  β  0 j   +  ε  i , j    



(13)






  Level   2 :    β  0 , j   =  r  00   +  u  0 j    



(14)






  Mixed :    Y  i , j   =  r  00   +  u  0 j   +  ε  i , j    



(15)







Since no explanatory variables are used, β0j represents the means within each group and r00 represents the overall mean, the average of β0j. Furthermore, the variance of Yi,j is calculated under the mixed model as shown in Equation (16).


  V a r  (   Y  i , j    )  = V a r  (   r  00   +  u  0 j   +  ε  i , j    )  =  τ  00   +  σ e 2   



(16)




where τ00 is the between-group variance, and    σ e 2    is the variance of the residuals under the level 1 HLM, also known as the within-group variance. We can obtain the intra-class correlation coefficient (ICC) by calculating the proportion of the between-group variance in the total variance. ICC denotes the degree of homogeneity between groups, and also stands for ρ, the correlation between variables. A higher coefficient ρ refers to the higher correlation within groups and lower homogeneity between groups, and vice versa.



We expect that u0j is significant and Yi,j with large variance to prove the dependent variable varies by different country groups.



	
HLM-Random Coefficients Regression Model






The HLM-random coefficients regression model is the regression based on the null model, performed with level 1 explanatory variables and incorporating the random effects for the level 2 coefficients, as shown in Equations (17)–(20), where Xi,j and Yi,j are, respectively, the explanatory variables and dependent variables in the level 1 regression. This model is to confirm the effect between the dependent and the explanatory variables is still correlated under HLM. Additionally, we expect not only    r  10     but also u0j u1j are significant to prove the correlation and further to show the effect of high-level explanatory variable dependent variable.


  Level   1 :    Y  i , j   =  β  0 j   +  β  1 j    X  i , j   +  ε  i , j    



(17)






  Level   2 :    β  0 , j   =  r  00   +  u  0 j    



(18)






   β  1 , j   =  r  10   +  u  1 j    



(19)






  Mixed :    Y  i , j   =  r  00   +  r  10    X  i , j   +  u  0 j   +  u  1 j    X  i , j   +  ε  i , j    



(20)







	
Intercepts and Slopes as the Outcome Model






The intercepts and slopes as the outcome model represent the full HLM, also being referred to as the random slope model, where Xi,j, Yi,j, and Zj are, respectively, the explanatory and dependent variables in level 1, and the explanatory variables in level 2, as shown in Equations (21)–(23). The random slope model uses explanatory variables in both levels of model, and the explanatory variables in level 2 will affect the intercept and slope estimation in level 1. [46]


  Level   1 :    Y  i , j   =  β  0 j   +  β  1 j    X  i , j   +  ε  i , j    










  Level   2 :    β  0 , j   =  r  00   +  γ  10    Z j  +  u  0 j    



(21)






   β  1 , j   =  r  10   +  r  11    Z j  +  u  1 j    



(22)






  Mixed :    Y  i , j   =  r  00   +  r  10    Z j  + +  r  10    X  i , j   +  r  11    X  i , j    Z j  +  u  0 j   +  u  1 j    X  i , j   +  ε  i , j    



(23)







We gradually examine the applicability from the null model, to perform the HLM regression. The development process is shown in Figure 4.





4. Empirical Results


This study analyzes the regression results of the two stages, respectively. Table 2 presents the regression results for stage I. When Model 1-1 adopts the company’s participation in the RE100 as the dependent variable, the estimated coefficient of SBT is positive and significant, which implies that the company with a carbon reduction target is inclined to join the RE100 and to switch to renewable energy. In Model 1-2, the annual growth rate of the renewable electricity target REPR is the dependent variable and has a significantly positive correlation with the annual carbon reduction rate (TS). The stringency of corporate carbon reduction is positively correlated with its adoption of renewable energy. The regression results of Model 1-1 and Model 1-2 both illustrate that the companies are more likely to adopt renewable electricity and to cut carbon emissions when they set higher carbon reduction targets.



Previous studies demonstrate that large enterprises and companies with higher R&D expenses usually have better environmental performance. The empirical results also suggest that company size is positively correlated with the willingness of a company to adopt renewable energy [47,48]. A company that is larger in size (with greater lnA) is usually more willing to adopt renewable energy, and those with higher R&D expenses (with greater RD) are also more inclined to adopt renewable electricity. However, our empirical results show that there is a non-significant correlation between R&D expenses and the annual increase in renewable electricity. The coefficient of the long-term liability rate, L, is non-significant, suggesting that the long-term liability rate is not correlated with the adoption of renewable electricity.



In Stage II, this study explores the effect of the national carbon reduction target on the corporate adoption of renewable electricity by means of the HLM. The HLM is different from other linear regressions, in that the full model needs to go through a series of steps. Table 3 presents the estimated results of the null model’s coefficients. The null model only tests whether there is any difference existing between the dependent variables in different groups. The fixed effects coefficient of the intercept r00 plus the random effects coefficient u01 is β0, and the variant component is related to the existence of a random effect. If the estimated value, Var(u0), were to be significant, it would mean that significant differences exist among the random coefficients, u0. On the contrary, if Var(u0) is non-significant, this would mean that no significant differences exist among the random coefficients, u0, and would imply that there are no random effects among the average dependent variables of countries. Although the random effects coefficient, u0, can be estimated, respectively, in up to twenty country groups, in order to make the layout more concise, the existence of random effects is only shown by the estimated variance components. Companies in different countries express different extents of willingness to join the RE100. This demonstrates that the national factor might affect the corporate adoption of renewable electricity. However, there is no significant difference in the renewable energy progress rate REPR.



In addition, ICC is also an indicator used to analyze the differences among country groups. ICC is calculated by dividing the variance component of the intercept with the sum of variance components of the intercept and residual. A higher ICC implies higher differences between country groups. On the contrary, if the variance component of the intercept is non-significant, the ICC would be 0, and all variances would be caused by the individual differences of companies. The results of the ICC analysis in Model 2-1 and Model 2-2 show that the corporate participation in the RE100 varies in different countries, while REPR does not.



Model 2-1 and Model 2-2 indicate that the corporate transition to renewable electricity varies in different countries. Furthermore, Table 4 presents detailed result among different country groups. r0,0 denotes the estimated average of all country groups, and uoj denotes the effect on the dependent variable caused by country groups. uoj is positive, which means the companies in the country are more willing to engage in RE100 or have stronger ambitions to develop renewable energy on average. The result shows that uoj of developing countries on RE100 and REPR, compared to those of developed countries, are negative. However, the effects on RE100 and REPR are not always in consistency. For example, the US companies are aggressive in joining RE100 as well as adoption of renewable, while Japanese companies are more willing to join RE100 but have slower progress in deployment of renewable energy. In conclusion, the result as shown in Table 4 is coherent to Model 2-1 and 2-2.



Through Model 3-1 and Model 3-2, this study further includes the dependent variable of the corporate carbon reduction target and the control variable to estimate the effect of the corporate carbon reduction target on their decision to use renewable electricity. As shown in Table 5, the effect is estimated through the sum of the fixed effects and random effects. The corporate decision to adopt renewable energy is more related to the stringency of corporate carbon reduction, compared to a corporate willingness to reduce carbon emissions. Furthermore, from the analysis of the control variables, company size (lnA) and R&D expenses (RD) still have an influence on the decision to use renewable energy. As mentioned above, large companies caring about environmental performance tend to respond to global trends and adopt renewable electricity.



Following the analysis in Model 3-1 and Model 3-2, Model 4-1 and Model 4-2 evaluate the effect of NDCs on the corporate decision to adopt renewable electricity. The estimated results of the random-sloped model under the HLM are presented in Table 6. The variable NDC stands for the national carbon reduction target and is measured by the absolute carbon emissions under the BAU scenario. The estimated coefficient of NDC is negative, which represents a positive influence on the corporate adoption of renewable electricity and implies that those countries have an active attitude towards carbon reduction. However, without being statistically significant, the result does not validate the view that the corporate carbon reduction target and its stringency are affected by the NDC.




5. Discussion


The study in Stage I is to evaluate the effect of the corporate carbon reduction target on its adoption of renewable energy by Model 1-1 and 1-2. Both empirical results prove that the companies with greater ambitions, if they have set carbon reduction targets, are more willing to adopt renewable electricity. Additionally, the results suggest that and company with larger size or higher R&D expense is positively correlated with the willingness of a company to adopt renewable energy. It implies that the reason why multinational corporations adopt renewable electricity is probably because of global trends and CSR. This implication also applies to those companies that invest significant amounts of resources in R&D to maintain their competitiveness. Moreover, the long-term liability rate is uncorrelated to the adoption of renewable electricity. In other words, those companies with deployment of renewable electricity do not make their long-term liability significantly increase. For most companies, long-term liabilities are not caused by investment in renewable power plants, and they are inclined to obtain renewable energy certificates (RECs) or sign Power Purchase Agreements (PPAs) [49].



In Stage II, we explore the effect of the national carbon reduction target on the corporate adoption of renewable electricity by Model 2-1 to 4-2 under HLM. The result of Model 2-1 indicates the sample of the study is nest form and proves companies do have different willing to set targets by countries. In addition, the result of Model 3-1 and 3-2 suggest the adoption of renewable energy by company is more related to the stringency of corporate carbon reduction target. These results are consistent with those of previous studies. Without pressure to reduce carbon emissions, companies are less likely to make renewable energy a priority choice since its cost is higher than conventional fossil energy [14,50].



Model 4-1 and 4-2 are to confirm whether the national level target could influence the corporate decision to adopt renewable electricity. However, the results show national level variable NDC has no significant influence on the corporate adoption of renewable energy in the analysis, probably because of the limitation of the samples, since most companies committed to carbon reduction are mainly composed of multinational corporations, and they conventionally follow the international consensus in terms of compliance. In addition, most companies are headquartered in the developed countries and are restricted by advanced environmental regulations.



The results of this study can provide the empirical evidence that companies with mitigation targets, usually under pressures, are willing to make an energy transition. Furthermore, the methodology is also an innovation to explore cross-nation data through HLM although our study is not causal analysis because of the limitation of the samples. High cost of renewable energy is supposed one of main obstacles to sustainability transition. We suggest the nations should not only expand the renewable energy and decrease the renewable electricity cost through policies but also jointly building the trading mechanism and regulation system under carbon credit obligation to companies [51,52].




6. Conclusions


To tackle the issue of climate change, the main carbon reduction action, which was originally the compulsory target at the national level, has gradually been expanded to the voluntary target set by the company. This study combines the company data of the SBTi with the member information of the RE100 and focuses on the companies in G20 to explore the correlation among the NDC, science-based targets, target stringency and the decision to adopt renewable energy. Overall, for companies, the adoption of renewable energy is one of the pathways open to them to enable them to achieve their SBTs. However, in general, the cost of renewable energy is still high, and its development is in need of government support. Thus, this study applies the HLM model to analyze the effect of the NDC on the corporate adoption of renewable electricity.



This study arrives at the following: (1) companies which voluntarily set carbon reduction targets are more willing to adopt renewable electricity, and companies with a greater target stringency are also more active in adopting renewable electricity. However, instead of building their own power plants, companies are inclined to sign PPAs or to obtain RECs. (2) The intermediary effect of a national carbon reduction target on the corporate adoption of renewable energy is not obvious, which implies that the effect of a national carbon reduction target does not pass through the corporate carbon reduction target with regard to the corporate adoption of renewable energy. The sample data applied in this study are subject to multiple corporations while unlisted companies and local companies are not included. These limitations of the samples might contribute to this conclusion. (3) Most multinational corporations are willing to take climate action and abide by the international consensus and laws. They are headquartered in developed countries, and their action is often better than the government policy on climate change. These factors might all lessen the influence of a national carbon reduction target on the corporate adoption of renewable energy. This study’s results indicate that companies would seek to use renewable energy to improve their performance in reducing carbon. The effect of NDCs on the corporate adoption of renewable energy is non-significant, but the NDC still exerts a positive influence on companies and encourages them to take action. An industrial power transition to renewables needs to be economically beneficial. Thus, governments should provide more incentives, such as financing or subsidies, to expand the supply and demand in the renewable energy market, instead of just setting targets or for attracting publicity.



This study fails to validate that companies are encouraged by NDCs to set more ambitious targets to reduce carbon and to expand their adoption of renewable electricity. Still, from the scenario that companies of different countries make different decisions regarding the use of renewable energy, this study argues that, although non-significant, the targets of home countries do exert some influence on these companies. Probably because these multinational corporations have a greater sufficiency of resources, their performances in relation to carbon reduction are even better than what is required by the legislative bodies of their home country strategies regarding renewable energy. Thus, the effect the targets of their home countries have on their strategies for using renewable energy is not as significant as expected. We believe that with more comprehensive disclosure on corporate carbon emissions in the future, the empirical model built in this study could serve as a good tool for examining such issues.
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Figure 1. The flowchart of the methodology. 
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Figure 2. The distribution of countries of samples. 






Figure 2. The distribution of countries of samples.



[image: Energies 15 01794 g002]







[image: Energies 15 01794 g003] 





Figure 3. The structure and relationships of the relevant variables in a two-level HLM. 
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Figure 4. The development process of the HLM. L1 stands for the level 1 regression under the HLM; L2 stands for the level 2 regression under the HLM; M stands for the mixed model under the HLM. 
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Table 1. Variable definitions and data sources.






Table 1. Variable definitions and data sources.





	
Variable

	
Definition

	
Source






	
RE100i

	
Whether company i has joined the RE100 initiative.

	
RE100 Annual Report




	
REPRi

	
Average annual growth rate of renewable energy use by company i

	
RE100 Annual Report




	
Xi

	
SBTi

	
Whether company i has disclosed its SBT.

	
BNEF




	
TSi

	
Average annual mitigation rate of carbon emissions for company i

	
BNEF




	
CVsi

	
lnAi

	
Natural log of the total assets of company i

	
Compustat




	
Li

	
Leverage of company i, the ratio of long-term liabilities to total assets in the latest year

	
Compustat




	
RDi

	
R&D intensity of company i, the ratio of R&D expenses to total sales in the latest year

	
Compustat




	
Industryi

	
Industrial classification of company i

	
BNEF








Source: revised from Wang and Sueyoshi (2018) [32].













 





Table 2. The results for parameter estimates in Stage I.






Table 2. The results for parameter estimates in Stage I.





	
Model

	
Model 1-1

	
Model 1-2




	
Variables

	
RE100

	
REPR






	
Intercept

	
−7.881 ***

(66.79)

	
−0.022 *

(−1.89)




	
SBT

	
1.112 ***

(6.67)

	
−0.006

(−0.80)




	
TS

	
3.570

(0.55)

	
0.224 **

(2.12)




	
lnA

	
0.498 ***

(29.72)

	
0.003 **

(2.50)




	
L

	
0.661

(0.91)

	
0.012

(0.99)




	
RD

	
3.961 **

(5.06)

	
−0.031

(−0.73)




	
Control Variables of Industrial Sector

	
Yes

	
Yes




	
Goodness of Fit

	
487.166

	
0.035




	
Observations

	
829

	
829








Note: Statistics are shown in parentheses, but those of the two models are different. Model 1 is a logistic regression with a Chi-squared statistic and Akaike information criterion (AIC) measured for goodness of fit. Model 2 is a multiple linear regression with a t statistic and R-squared measured for goodness of fit. *** represents the 99% significance level, ** represents the 95% significance level, and * represents the 90% significance level.













 





Table 3. The results of null model estimates under the HLM (difference for means between groups).
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Model

	
Model 2-1

	
Model 2-2




	
Variable

	
RE100

	
REPR




	

	
Fixed Effects

	
Component of Variance

Var(u01)

	
Random Effects

	
Fixed Effects

	
Component of Variance

Var(u01)

	
Random Effects






	
Intercept (r0,0)

	
0.087 ***

(4.91)

	
0.003 **

(1.77)

	
Yes

	
0.010 ***

(4.01)

	
0.001

(0.94)

	
No




	
Residuals (ε)

	
-

	
0.095 ***

(20.18)

	
-

	
-

	
0.004 ***

(20.27)

	
-




	
Goodness of Fit (AIC)

	
0.04

	
0




	
Observations

	
427.1

	
−2270.7








Note: *** represents the 99% significance level, ** represents the 95% significance level, and * represents the 90% significance level.













 





Table 4. The results of null model estimates under the HLM by country.
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	Variables
	RE100
	REPR
	Observations





	Fixed effect (r0,0)
	0.087
	0.01
	829



	uoj by Country
	
	
	



	Australia
	0.036
	0.001
	15



	Austria
	−0.010
	0.000
	4



	Belgium
	0.015
	0.000
	15



	Brazil
	−0.025
	−0.001
	13



	Canada
	−0.010
	0.001
	17



	China
	−0.001
	0.000
	12



	Denmark
	0.055
	0.001
	23



	Finland
	−0.036
	−0.001
	23



	France
	0.000
	0.000
	69



	Germany
	−0.013
	0.000
	33



	Greece
	−0.003
	0.000
	1



	Hungary
	−0.003
	0.000
	1



	India
	−0.038
	−0.002
	45



	Ireland
	0.045
	0.001
	12



	Italy
	−0.030
	−0.001
	17



	Japan
	0.023
	−0.002
	94



	Lithuania
	−0.003
	0.000
	1



	Luxembourg
	−0.007
	0.000
	3



	Mexico
	0.001
	0.000
	11



	Portugal
	−0.022
	−0.001
	11



	Russia
	−0.005
	0.000
	2



	Saudi Arabia
	−0.003
	0.000
	1



	South Africa
	−0.012
	0.000
	5



	South Korea
	−0.016
	0.000
	7



	Spain
	−0.016
	−0.001
	21



	Sweden
	−0.042
	−0.002
	53



	Turkey
	−0.014
	0.000
	6



	United Kingdom (UK)
	0.025
	0.003
	136



	United States of America (USA)
	0.108
	0.007
	178







Note: 0.000 is nonzero and positive but not indicates complete number because of decimal place. 













 





Table 5. The results of random coefficients regression model estimates under the HLM.
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Model

	
Model 3-1

	
Model 3-2




	
Variable

	
RE100

	
REPR




	

	
Fixed Effects

	
Component of Variance

Var(uij)

	
Random Effects

	
Fixed Effects

	
Component of Variance

Var(uij)

	
Random Effects






	
Intercept (r0,0)

	
−0.234 ***

(-4.21)

	
0.000

(0.00)

	
No

	
−0.020 *

(−1.72)

	
0.000

(0.00)

	
No




	
SBT (r1,0)

	
0.0489

(1.40)

	
0.001

(0.14)

	
No

	
−0.006

(−0.79)

	
0.000

(0.00)

	
No




	
TS (r2,0)

	
0.497

(0.79)

	
1.355 **

(1.67)

	
Yes

	
0.197 *

(1.76)

	
0.013

(0.94)

	
No




	
lnA

	
0.034 ***

(5.40)

	
-

	
-

	
0.003 **

(2.40)

	
-

	
-




	
L

	
0.009

(0.14)

	
-

	
-

	
0.008

(0.67)

	
-

	
-




	
RD

	
0.492 **

(2.44)

	
-

	
-

	
−0.033

(−0.79)

	
-

	
-




	
Residuals (ε)

	
-

	
0.0832 ***

(20.04)

	
-

	
-

	
0.004 ***

(20.28)

	
-




	
Control Variables of Industrial Sector

	
Yes

	
Yes




	
Goodness of Fit (AIC)

	
341.0

	
−2280.5




	
Observations

	
829

	
829








Note: *** represents the 99% significance level, ** represents the 95% significance level, and * represents the 90% significance level.













 





Table 6. The results of random slope regression model estimates under the HLM.
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Model

	
Model 4-1

	
Model 4-2




	
Variable

	
RE100

	
REPR




	

	
Fixed Effects

	
Component of Variance

Var(uij)

	
Random Effects

	
Fixed Effects

	
Component of Variance

Var(uij)

	
Random Effects






	
Intercept (r0,0)

	
−0.228 ***

(−4.07)

	
0.000

(0.00)

	
No

	
−0.019

(−1.62)

	
0.000

(0.00)

	
No




	
SBT (r1,0)

	
0.066

(1.42)

	
0.000

(0.17)

	
No

	
−0.005

(−0.49)

	
0.000

(0.00)

	
No




	
TS (r2,0)

	
−0.011

(−0.01)

	
1.328 *

(1.63)

	
Yes

	
0.159

(0.85)

	
0.013

(0.93)

	
No




	
NDC (r0,1)

	
−0.008

(−0.38)

	
-

	
-

	
−0.002

(−0.34)

	
-

	
-




	
NDC×SBT (r1,1)

	
0.040

(0.50)

	
-

	
-

	
0.002

(0.11)

	
-

	
-




	
NDC×TS (r2,1)

	
−1.245

(−0.71)

	
-

	
-

	
−0.083

(−0.24)

	
-

	
-




	
lnA

	
0.033 ***

(5.22)

	
-

	
-

	
0.003 **

(2.27)

	
-

	
-




	
L

	
0.007

(0.11)

	
-

	
-

	
0.008

(0.63)

	
-

	
-




	
RD

	
0.487 **

(2.41)

	
-

	
-

	
−0.034

(−0.82)

	
-

	
-




	
Residuals (ε)

	
-

	
0.083 ***

(20.04)

	
-

	
-

	
0.004 ***

(20.28)

	
-




	
Control Variables of Industrial Sector

	
Yes

	
Yes




	
Goodness of Fit (AIC)

	
346.2

	
−2274.9




	
Observations

	
829

	
829








Note: *** represents the 99% significance level, ** represents the 95% significance level, and * represents the 90% significance level.
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