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To empirically investigate as to whether and how public infrastructure influences the global greenhouse effect, this study utilizes a panel dataset of 35 countries over the period 2003–2019 for regression estimation. Furthermore, regional heterogeneous and mediation effects between infrastructure and carbon dioxide (CO2) emissions are explored. The primary findings insist that: 1) at the global level, public infrastructure is positive associated with CO2 emissions. In other words, strengthening infrastructure at this stage is not conducive to mitigating the greenhouse effect; 2) public infrastructure construction development in Belt and Road Initiative (BRI) countries has a greater positive impact on CO2 emissions than in non-BRI countries; and 3) the mediation roles of industrial upgrading and trade openness are established; specifically, trade openness and industrial upgrading are valid transmission routes through which public infrastructure affects CO2 emissions. Based on the above three findings, a number of policy implications related to accelerate low-carbon construction of infrastructure and promote industrial upgrading are proposed.
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HIGHLIGHTS

➢ This study examines the potential carbon effect of public infrastructure.
➢ The heterogeneous and mediation effects between variables are explored.
➢ Public infrastructure is positively related to greenhouse effect.
➢ Infrastructure in BRI countries has a greater impact on CO2 than in non-BRI.
➢ Infrastructure can affect CO2 through trade openness and industrial upgrading.
1 INTRODUCTION
Over recent years, climate change has gained significant attention following the arresting report of the Intergovernmental Panel on Climate Change (IPCC), and has prompted global policymakers to formulate policies at different administrative levels to mitigate the increasing emission of greenhouse gases, mainly carbon dioxide (CO2) emissions (Jiang and Guan, 2016; Zhao et al., 2021b; Dong et al., 2021; Dou et al., 2021). As part of the ambitious vision of the United Nations Framework Convention on Climate Change (UNFCCC), it is well-recognized that it is crucial for the public and private sectors to fulfil these goals and ensure actions on the ground (Bakhtiari, 2018; Hickmann et al., 2021). Despite the considerable efforts made by various stakeholders to implement the Paris Agreement and the Kyoto Protocol Agreement, global carbon emissions continue to show worrying trends.
While global economic activities have brought prosperity to human societies, they have also aggravated environmental degradation (Saboori and Sulaiman, 2013; Ozcan et al., 2020; Rahman, 2020). These activities include the evolution of industrial structures, urbanization expansion and international trade. In particular, dramatic increased in greenhouse gas emissions from infrastructure expansion have had a negative impact on the ecological environment on which residents depend. Infrastructure construction is the cornerstone of the evolution of human society (Cui and Sun, 2019). The infrastructure session of the United Nations 2030 Agenda for Sustainable Development stresses the need to develop quality, reliable, sustainable and disaster-resilient infrastructure by 2030 to support economic growth and enhance human well-being. In the current stage, public infrastructure construction shrinks by 2.7% globally in 2020 due to the COVID-19 pandemic. 2021 marks the beginning of a global infrastructure recovery as governments actively launch relevant stimulus policies; however, headwinds such as rising costs for materials and labour and the lingering risk of the pandemic also constrain the rapid recovery in the infrastructure sector.
As the artery and key breakthrough for economic growth, the sustainability of infrastructure plays a crucial role in accelerating social development (Liu et al., 2014). On the one hand, well-developed infrastructure provides convenient transportation conditions, production and communication conditions, it reduces trade costs, attracts capital inflows and promotes national economic growth (Sun and Cui, 2018; Toader et al., 2018; Banerjee et al., 2020). On the other hand, pubic infrastructure construction is characterized by large investment scale, long operation cycle and strong externalities, all of which have irreversible impacts on the ecological environment (Luo et al., 2018; Huang et al., 2020; Jafri et al., 2021). Therefore, the global construction of green infrastructure is imperative. To this end, by employing a sample dataset across the globe for the period 2003–2019, this study first calculates the public infrastructure composite index, and then testes the potential carbon effect of public infrastructure. Furthermore, the heterogeneous and mediating effects of infrastructure on carbon emissions are also explored.
Three contributions contribute in three ways to complement the current literature. First, the public infrastructure composite index is calculated with the improved entropy method that included four dimensions—energy, propagation, technology, and transportation. This can effectively measure public infrastructure across the globe and provide a valid reference for other scholars. Second, this study empirically examines the heterogeneous impacts of public infrastructure on CO2 emissions by dividing the full sample into two sub-samples, namely BRI and non-BRI countries; exploring the differences in the carbon emission effects of infrastructure construction can contribute to the smooth implementation of the BRI and the achievement of the global carbon neutrality target for governments in various countries. Third, whether trade openness and industrial upgrading are effective routes for infrastructure to influence greenhouse gas emissions is creatively checked. This is of great significance for exploring new transmission channels in public infrastructure-CO2 emissions nexus and formulating efficient carbon reduction strategies.
This study arranges the rest of the contents in the following steps. Section 2 reviews the related literature on the infrastructure-CO2 nexus, followed by the model and data presented in Section 3. Section 4 reports and analyzes the empirical findings on the benchmark regression, heterogeneous analysis, and mediation analysis. Section 5 summarizes the entire study and proposes the policy implications.
2 LITERATURE REVIEW
Public infrastructure construction develops rapidly, which confers convenience to residents in their daily life and supports harmonious and fosters steady socio-economic evolution, and some scholars have focused on effects brought about by construction (Schäffler and Swilling, 2013; Karjunen et al., 2017; Parker and Zingoni de Baro, 2019). For instance, based on the panel dataset of 281 cities in China for the period 2003–2013, Xie et al. (2016) empirically explored the effect of transport infrastructure on the environment using a spatial Durbin model. The findings suggest that transport infrastructure and urban environment are negatively correlated; in other words, the vigorous construction of traffic facilities has a deteriorating effect on urban ecological environment. Notably, this finding is supported by Churchill et al. (2021), who adopted Organization for Economic Cooperation and Development (OECD) countries as their research objects. They creatively extended the carbon emission effect of infrastructure to the transport field and found that every 1% increase in transport infrastructure could contribute to a 0.4% reduction in CO2 emissions. To check whether natural gas-related infrastructure expansion contributes to a reduction in CO2 emissions, Dong et al. (2020) applied the panel dataset that spanned the period 2004–2017 to test the potential impact of natural gas infrastructure on CO2 emissions. Their findings insist that strengthening the construction of natural gas infrastructure is an effective channel and driving force for mitigating CO2 emissions. Wei and Ullah (2022) empirically investigated the potential influence of tourism and digitalization infrastructure on environmental quality in Asian economies with the quantile regression techniques. They maintained that a significant enhancement of tourism and digital infrastructure could be effective in improving environmental quality. Furthermore, Xu et al. (2022) focused their study on highway infrastructure by introducing highway mileage and CO2 emissions into the traditional production density model. Through a panel data study of 278 Chinese cities from 2003 to 2016, it was found that highway infrastructure and CO2 emissions showed a significant inverted U-shaped relationship in both local and peripheral cities. Hao and Cho (2022) checked the linkage between urban public infrastructure and CO2 emissions over the period 1990–2019 and concluded that urban public infrastructure produced a negative influential effect on CO2 emissions.
While some scholars have assessed the environmental effects of infrastructure related to various industries in the certain economies or regions, few have examined the underlying impact of infrastructure on global greenhouse effect from a global perspective. This perspective, however, provides a useful reference for governments to help achieve carbon neutrality at the level of infrastructure construction. Furthermore, as BRI is under robust promotion, it is crucial to determine whether the impact of infrastructure construction on greenhouse effect differs between BRI and non-BRI countries. It is also worthwhile to test in depth whether trade openness and industrial upgrading are effective routes for public infrastructure to contribute to CO2 emissions.
3 MODEL AND DATA
3.1 Model
The environmental Kuznets curve (EKC) hypothesis suggests that a significant inverted U-shaped relationship exists between economic growth and environmental pollutants; thus, the economic growth and its square term are simultaneously added into the econometric model. Furthermore, to focus on the potential role of infrastructure in addressing the greenhouse effect, we introduce the public infrastructure into the model. The foreign investment industrial development, population density, and labor force are also added to solve the estimation bias due to omitted variables; the multidimensional estimated framework is constructed as follows:
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where the subscripts i and t represent the country and year, respectively, C O 2 refers to the total amount of CO2 emissions and Infra indicates public infrastructure. Pgdp, FI, Str, Den, and Lab denote economic growth, foreign investment, industrial evolution, population density, and labor force, respectively. [image: image] is a function.
On this basis, to effectively avoid estimation bias caused by data dimension differences and potential heteroscedasticity. The natural logarithm processing of Eq. 1 is treated in this study as follows:
[image: image]
where [image: image] indicates the constant term, [image: image] refers to the country-specific effect, [image: image] is year-specific effect, and [image: image] denotes the error term. [image: image] represent the parameters to be assessed. Control is a vector that consists of control variables (i.e., Pgdp, Pgdp2, FI, Str, Den, and Lab). Notably, the coefficient of public infrastructure is expected to be negative.
Notably, Eq. 2 indicates the total effect of public infrastructure on CO2 emissions. To empirically check whether trade openness and industrial upgrading are two primary channels in affecting the nexus between public infrastructure and CO2 emissions, this study conducts another regression analysis using the mediation effect model. In this regard, trade openness and industrial upgrading are regarded as mediation variables. The specific test procedures of the mediation effect model can be seen as follows:
i) In Eq. 2, if the regression coefficient of public infrastructure is significant, a linear regression equation of infrastructure affecting trade openness and industrial upgrading is constructed in Eq. 3.
ii) After constructing of Eq. 3, another equation reflecting the impact of public infrastructure and the mediation variables (i.e., lnTra and lnInd) on CO2 emissions is subsequently constructed in Eq. 4.
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In both two equations, the coefficient of public infrastructure in Eq. 4 (i.e., [image: image]) represents the direct effect, while the product of the coefficients of public infrastructure in Eq. 3 and mediation variable in Eq. 4 (i.e., [image: image]) refers to the indirect effect. M denotes the mediation variables (i.e., Tra and Ind).
3.2 Variables and data
To address the concerns about the underlying effect of the vigorous construction of public facilities on greenhouse gas emissions across the globe, a panel dataset of 35 countries from 2003 to 2019 is applied to conduct the empirical analysis. Due to data deficiencies, other years and countries are excluded in the sample data. The specific measures and data of the variables are presented as follows:
3.2.1 Explained variable
CO2 emissions (denoted as CO2). As the main explained variable, data on CO2 emissions were collected from the former British Petroleum (BP, 2020).
3.2.2 Explanatory variable
Public infrastructure (denoted as Infra), the core explanatory variable in our study, is a multidimensional indicator including four dimensions. namely energy, propagation, transportation, and technology (for specific indicators, please refer to Supplementary Table A1 in the Supplementary Appendix). Notably, when an indicator system contains multiple dimensions, it is crucial what weights are assigned to these dimensions. In this way, the improved entropy method is a favorable solution strategy; the specific calculation procedures can be found in the work of Zhao et al. (2021a). Accordingly, a composite index of public infrastructure for each country over the sample period is obtained. The related data are collected from the World Bank (2021).
3.2.3 Mediation variables
To investigate whether trade openness and industrial upgrading are two effective channels through which public infrastructure affects greenhouse gas emissions, trade openness and industrial upgrading are adopted as mediation variables:
Trade openness (denoted as Tra). This indicator is measured by the ratio of total import and export trade to gross domestic product (GDP).
Industrial upgrading (denoted as Ind). This indicator is gauged by the tertiary sector divided by the output value of the secondary industry. Sample data related to trade openness and industrial upgrading are collected from World Bank (2021).
3.2.4 Control variables
In addition to the variables discussed above, a number of control variables are introduced in this study to improve the accuracy of estimation results, which include economic growth, foreign investment, industrial evolution, population density, and labor force. Data on these control variables are obtained from World Bank (2021). The definitions and descriptive statistics of these variables are presented in Table 1.
TABLE 1 | Definitions and descriptive statistics of the variables used.
[image: Table 1]3.3 Correlation analysis
Before conducting the benchmark regression on the public infrastructure-CO2 nexus, this study first calculates the correlation coefficients between variables, which are shown in Table 2. In this table, it is clear that both public infrastructure and CO2 emissions show a significant positive correlation. This can be also clearly shown in Figure 1. In addition, other control variables, apart from economic growth, are also positively correlated with CO2 emissions. It is worth noting that the correlation test serves merely as a preliminary analysis of the nexus between the variables, and thus, it is necessary to select a more complex model.
TABLE 2 | Multicollinearity test and matrix of the correlations between all variables.
[image: Table 2][image: Figure 1]FIGURE 1 | The correlation chart between infrastructure and CO2 emissions.
4 EMPIRICAL FINDINGS
4.1 Benchmark results
Table 3 reports the regression results for both ordinary least squares (OLS) and fixed effect (FE) techniques. Among them, Models (1) and (3) do not include control variables and Models (2) and (3) add control variables. In all four models, the estimated coefficients for infrastructure (i.e., lnInfra) are significantly positive, with or without control variables, which verifies the robustness of findings. Compared with OLS estimates, the FE model effectively excludes the potential role of country and time effects on the infrastructure-CO2 nexus, and as a result, drastically improves the accuracy of the empirical regression; therefore, the FE estimation with control variables is adopted as the benchmark regression results (as indicated in the last column of Table 3). Notably, the statistics of the variance inflation factor (VIF) in Table 2 highlight the absence of multicollinearity between the variables.
TABLE 3 | Results of the benchmark regression.
[image: Table 3]Possible reasons for the positive infrastructure-CO2 nexus are that, on the one hand, the Global Energy Infrastructure Carbon Emissions and Lock-in Effect 2021 Research Report shows that thermal power, steel, cement, and land transportation are all fundamental industries that sustain global socio-economic development. In addition to the global cement industry capacity, which has been largely stable since 2015, the global thermal power and steel industries have maintained growth in recent years, and the vehicle ownership has risen sharply. However, significant increase of new infrastructure puts pressure and challenges on the future low-carbon transition (Jiang et al., 2020). Specifically, CO2 emissions from the global thermal power industry increased from 7.5 billion tons in 1990 to 13.2 billion tons in 2020, with an average annual growth rate of 2%. Emissions from the global steel industry totaled 2.72 billion tons in 2020, an increase of about 1.5 times over the past 30 years. Global carbon emissions from the cement sector increased 1.9 ties from 1990 to 2020, reaching 2.52 billion tons in 2020. Driven by the continuous growth of vehicle ownership, global carbon emissions have been rising year by year (Jiang et al., 2022; Zhao et al., 2022). CO2 emissions have increased by 75% in the last 30 years, reaching 5.7 billion tons in 2020. On the other hand, in addition to energy and transport-related infrastructure, the construction of technology and propagation infrastructure is also based on the consumption of large amounts of fossil energy, which will generate large amounts of greenhouse gases. In general, although the construction of public infrastructure has effectively filled up the shortcomings in the process of economic development at the current stage, it still faces enormous challenges on the road to low carbon emissions reduction.
To alleviate the endogeneity problem posed by omitted variables, five indicators, namely economic growth, foreign investment, industrial evolution, population density, and labor force, are added as control variables. In Table 3, the coefficients of the first and square terms of economic growth are significantly positive and negative, respectively, which emphasizes that the inverse U-shaped EKC hypothesis is satisfied between economic growth and CO2 emissions. This is in line with the findings of Gao et al. (2021) and Zhao et al. (2020). In addition, the coefficient of foreign investment is significantly negative, which supports the effective contribution of foreign investment to accelerating the process of carbon neutrality. The estimated coefficients for labor force and population density are significantly positive, and as a result, considerably contribute to the greenhouse effect. Therefore, in the process of ensuring economic growth, relevant government departments should actively optimize the investment structure to help achieve the carbon neutrality target.
4.2 Robustness checks
4.2.1 Alternative measures of explained variable
To empirically check the robustness of the positive infrastructure-CO2 nexus, Eq. 2 is re-estimated based on the OLS and FE strategies with per capita CO2 emissions (denoted as PCO2) instead of total CO2. Table 4 presents the corresponding regression results. It is clear that after replacing the explained variable, the estimated coefficients of public infrastructure are all significantly positive. This implies that the intensive construction of relevant public infrastructure will aggravate greenhouse effect, which is consistent with the conclusions of benchmark regression.
TABLE 4 | Robust results of alternative explained variable.
[image: Table 4]4.2.2 Alternative regression strategies
In this section, robustness tests are conducted by using the alternative regression strategies, namely feasible generalized least squares (FGLS) and instrumental variable (IV) methods constructed under the condition of the heteroscedasticity proposed by Lewbel (2012); the corresponding results are listed in Table 5. In the former technique, the null hypothesis of inter-group heteroscedasticity test (i.e., Wald test), the intra-group autocorrelation test (i.e., Wooldridge test) and the cross-sectional dependence test (i.e., BP-LM test) are significantly rejected at the 1% level. The empirical results indicate that the coefficients of public infrastructure (i.e., lnInfra) are all significant in Models (1)–(4), which validates the benchmark findings.
TABLE 5 | Robust results of alternative regression methods.
[image: Table 5]4.2.3 Removing the distractions of the 2008 financial crisis
The financial crisis that erupted in 2008 has an immeasurable impact on all sectors around the world, including downturns in the economy, decline in consumption, and huge shocks on infrastructure construction (Frankel and Saravelos, 2012). To this end, this study excludes the relevant data samples from 2008 to 2009 on the basis of the benchmark regression for robustness test. The first two columns of Table 6 report the corresponding results. It is evident that the findings the empirical study on the positive infrastructure-CO2 nexus are robust and reliable.
TABLE 6 | Robust results of removing the distractions of the 2008 financial crisis and eliminating the influence of special values.
[image: Table 6]4.2.4 Eliminating the influence of special values
In addition to excluding the distractions of the 2008 financial crisis, the impact of special values, like the ones from the US and Japan, is further excluded from this section (Yang and Greaney, 2017). These two countries have huge gaps with other countries in terms of economic size, technological level, and infrastructure. By applying the FE technique, the last two columns of Table 6 present the corresponding results. Clearly, the positive coefficients of public infrastructure imply robustness of the benchmark findings.
4.3 Addressing the endogeneity issues
As highlighted by Ullah et al. (2018) and Yu (2013), if the regression estimation suffers from endogeneity problems caused by reverse causality or omitted variables, the estimated results will be biased. In such case, it is necessary to select appropriate instrumental variables to improve the reliability of the estimation findings. To this end, two strategies, namely, using the lag term of explanatory variables and employing the number of patent applications as instrumental variables, are applied to address endogeneity problems in the estimation model; the corresponding results are presented in Table 7, where control variables are excluded from Models (1) and (3), while control variables are added in Models (2) and (4).
TABLE 7 | Results of addressing endogeneity issues.
[image: Table 7]In the last two columns of this table [i.e., Models (3) and (4)], the statistical values of K-P rk LM are significant at the 1% level, which rejects the null hypothesis of unidentifiable instrumental variables. The statistical values of K-P rk Wald F are significantly larger than the critical value of maximum instrumental variable (i.e., 16.38) of the Stock-Yogo test at the 10% level, which rejects the weak instrumental variable hypothesis (Kleibergen and Paap, 2006). This suggests our choice of instrumental variables is reasonable and appropriate.
From the empirical results, it can be observed that the estimated coefficients of L.lnInfra in Models (1) and (2) and lnInfra in Models (3) and (4) are significantly positive. This finding indicates that the impact of public infrastructure on CO2 emissions remains positive after endogeneity has been properly addressed. In other words, intensive construction of the public infrastructure is not an effective strategy to alleviate greenhouse effect.
4.4 Heterogeneous analysis
Studying the differential impact of public infrastructure on CO2 emissions is the concern of this study due to the distinct differences between countries in various dimensions such as facility construction, resource endowment, and greenhouse gas emissions (Zhao et al., 2021b). As a top-level national cooperation initiative, the Belt and Road Initiative depends on the existing bilateral and multilateral mechanisms between China and relevant countries, as well as effective regional cooperation platforms, to actively attract countries around the world to jointly build a community of shared interests featuring economic integration, cultural inclusiveness, and political mutual trust (Wang et al., 2021). Accordingly, the full sample is divided into two sub-samples (i.e., BRI countries and non-BRI countries) for heterogeneous analysis; the specific countries of these two sub-samples are listed in Supplementary Table A2.
By applying the FE technique, the empirical results of the heterogeneous analysis are shown in Table 8. In this table, the coefficients of public infrastructure (i.e., lnInfra) are significantly positive for BRI or non-BRI countries, which confirm that the construction of infrastructure contributes to the greenhouse effect in both BRI and non-BRI countries. However, notably, the coefficient values of public infrastructure in BRI countries are significantly larger than those in non-BRI countries; in other words, the contribution of infrastructure construction to the greenhouse effect in BRI countries is significantly larger than that in non-BRI countries. The likely reason for this is that most BRI countries have weak economies and poor infrastructure.
TABLE 8 | Results of heterogeneous analysis.
[image: Table 8]4.5 Mediation analysis
In addition to discussing the potential effects and heterogeneous impact of public infrastructure on greenhouse gas emissions, in this study, an effort is made to explore whether trade openness and industrial upgrading are effective channels through which public infrastructure affects CO2 emissions. In this regard, the mediation effect model is adopted and the corresponding results are listed in Table 9, where Model (1) aims to test the total effect of public infrastructure on CO2 emissions. Clearly, the coefficient of public infrastructure (i.e., lnInfra) is 0.2748 and significant at the 1% level. This implies that the construction of the fundamental infrastructure will aggravate greenhouse effect. Furthermore, the regression coefficients of public infrastructure (i.e., lnInfra) in Models (3) and (5) are significantly positive, indicating that the direct effect of public infrastructure on greenhouse effect holds true.
TABLE 9 | Results of mediation effect analysis.
[image: Table 9]Furthermore, the statistics from Sobel test significantly reject the null hypothesis that trade openness and industrial upgrading are not mediation transmission pathways. The validity of the mediating effect is also verified by the fact that the confidence intervals of the statistics are excluded from zero in the Bootstrap test. To be more specific, the results of Models (2) and (3) are adopted to test whether trade openness holds as a mediating channel. The regression coefficients of public infrastructure in Model (2) and trade openness in Model (3) are both significantly positive, indicating the existence of the mediation role of trade openness; in other words, a large expansion of public infrastructure will result in significant greenhouse gases through facilitating trade openness between countries. In addition, the mediating role of industrial upgrading is examined in the results of Models (4) and (5). It is worth noting that the estimated coefficients of public infrastructure in Model (4) and industrial upgrading in Model (5) are positive and negative, respectively, suggesting that the mediating effect of industrial upgrading in affecting the infrastructure-CO2 nexus holds true. In other words, the construction of public infrastructure can reduce greenhouse gas emissions through improving industrial transition and upgrading. In conclusion, expanded public infrastructure not only directly contributes to greenhouse gas emissions, but also increases CO2 emissions through trade openness and reduce CO2 emissions through accelerated industrial upgrading and transformation. The specific transmission mechanism is presented in Figure 2.
[image: Figure 2]FIGURE 2 | The transmission mechanism between infrastructure and CO2 emissions.
5 CONCLUSION AND POLICY IMPLICATIONS
In this study, the entropy method is adopted to calculate the composite index of public infrastructure in 35 countries around the world, using statistics from 2003 to 2019 as a sample, and to explore the potential greenhouse effect of public infrastructure construction. In addition, the heterogeneity of BRI and non-BRI countries as well as the mediating roles of trade openness and industrial upgrading have been examined in depth. The primary findings suggest that:
1) The empirical results of the benchmark regression indicate that the coefficient of public infrastructure is 0.2160, which supports the positive relationship between public infrastructure and greenhouse gas emissions; in other words, increased construction of public infrastructure will aggravate CO2 emissions at the present stage. This conclusion is verified by a number of robustness tests.
2) The heterogeneous analysis of BRI and non-BRI countries implies that public infrastructure is positively associated with CO2 emissions in both BRI and non-BRI countries. The positive effect of public infrastructure on CO2 emissions in BRI countries is larger than that in non-BRI countries.
3) The empirical findings of mediation analysis insist that when the construction of public infrastructure directly contributes to the greenhouse effect, it will also increase CO2 emissions by accelerating frequent trade and reduce greenhouse gas emissions by enhancing the upgrading of industrial structures.
As a result of these three findings, the following policy implications are further proposed. First, due to the positive infrastructure-CO2 emissions nexus, it is imperative to strengthen the low-carbon and green construction of the public infrastructure. As it can not only help to set the stage for economic development, but also contribute to carbon neutrality. The construction of related infrastructure consumes large amount of resources, and the application of materials with high carbon content will aggravate CO2 emissions. Therefore, to reduce carbon emissions during the construction of relevant infrastructure, governments should formulate facility green access standards for infrastructure according to the spatial distribution characteristics of resources and environment, specify green requirements such as access to infrastructure site selection and regulation, form a green infrastructure evaluation system, and accelerate the promotion of new urbanization and ecological restoration.
Second, the empirical results of heterogeneity analysis show that infrastructure construction has a differential effect on carbon emissions in BRI and non-BRI countries. Therefore, it is crucial to reduce the carbon emission effect of infrastructure in countries along the Belt and Road. To this end, it is essential to promote overseas investment in line with the concepts of low-carbon and sustainable development, tap the potential of green governance and expand the fields of green cooperation.
Third, the mediating effect results indicate that industrial upgrading is an effective channel for public infrastructure to reduce CO2 emissions. In other words, accelerating industrial upgrading is an effective impetus and driving force for carbon emission reduction in the field of infrastructure construction. On the one hand, implementing the active and efficient industrial policies can help promote industrial upgrading. Local governments of all countries should introduce corresponding policies and regulations to provide effective macro support for industrial transformation. On the other hand, as a powerful weapon for industrial transformation and upgrading, technological upgrading can provide technical support for industrial transformation. Together, macro policies and advanced technologies have become an effective guarantee for promoting industrial structure upgrading.
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