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Green innovation serves as a driving force for enterprises to enhance their competitiveness and may offer an effective pathway for reducing carbon emissions. This study, using data on green innovation and carbon emissions from publicly listed companies between 2000 and 2022, examines the impact of green innovation on enterprise carbon emissions and its specific transmission channels. The findings reveal that: 1) Green innovation significantly reduces enterprise carbon emissions, and this inhibitory effect remains robust across a series of stability tests. 2) Mechanistically, green innovation primarily decreases carbon emissions through improvements in energy efficiency and the specialization of enterprise management. 3) Compared to the application for green utility model patents, green innovation through the application for green invention patents is more effective in reducing enterprise carbon emissions. The carbon emission reduction effect of green innovation is found to be more pronounced in non-state-owned enterprises compared to state-owned enterprises. Furthermore, when comparing the pollution intensity and technological complexity of industries, the suppressive effect of green innovation on carbon emissions is stronger for enterprises operating in highly polluting and technologically complex industries. The findings of this study provide empirical evidence to support the promotion of green innovation for facilitating the green and low-carbon transition of manufacturing enterprises in developing countries.
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1 INTRODUCTION
After China joined the WTO in 2001, its market doors opened wider, prompting a surge in exports driven by the large international demand. China gradually became a manufacturing powerhouse, supplying industrial products worldwide. However, its export structure, primarily consisting of resource-based, labor-intensive products, along with weak domestic environmental regulations, led China to grow as a trading giant at the expense of mounting environmental issues. Notably, these include the low-value chain lock-in and associated carbon emissions transferred through global trade. The Paris Climate Agreement marked a new phase in global carbon reduction efforts (Guo and Xiong, 2024), with China—the world’s largest carbon emitter—placing significant emphasis on energy conservation and carbon reduction in recent years (Wang et al., 2023). In 2020, during the 75th United Nations General Assembly, China proposed its “dual-carbon” goal, aiming to peak carbon emissions by 2030 and achieve carbon neutrality by 2060. Accelerating progress towards these goals has underscored the critical importance of reducing enterprise carbon emissions, as companies play a micro-level role in pollution control and emissions reduction (Han et al., 2024). Meanwhile, green innovation has become a pivotal strategy for economies to pursue green transitions and develop new international competitive advantages. China’s Ministry of Industry and Information Technology (MIIT) has outlined specific emissions reduction targets in the “14th Five-Year Plan for Industrial Green Development,” emphasizing the need to accelerate technological innovation. Green innovation, which carries both knowledge and environmental spillover effects, has the potential to improve enterprise carbon performance (Cai and Li, 2018). Against this backdrop, whether green innovation aids in reducing enterprise carbon emissions is a question worthy of investigation, with particular interest in how it can effectively regulate corporate carbon emissions—a topic of growing societal concern.
Some scholars suggest that green innovation reduces environmental risks through the creation of new products and technologies (Castellacci and Lie, 2017; Chen and Xie, 2024). An increasing number of enterprises are integrating green innovation into their business strategies; however, the effects of green innovation remain debated among scholars. One group has investigated the positive impacts of green innovation on financial performance (Aguilera-Caracuel and Ortiz-de-Mandojana, 2013; De Azevedo Rezende et al., 2019; Vasileiou et al., 2022), knowledge acquisition (Martínez-Ros and Kunapatarawong, 2019), company performance (Küçükoğlu and Pınar, 2015; Arfi et al., 2018; Zhang et al., 2019), enterprise value (Hao et al., 2021; Chen et al., 2022), competitive advantage (Tu and Wu, 2021), energy efficiency (Wurlod and Noailly, 2018; Sun et al., 2019), financing constraints (Zhang et al., 2020), and business sustainability (Li L. et al., 2020). These researchers generally conclude that green innovation has a positive impact on enterprises.
In contrast, other scholars argue that green innovation is inherently uncertain (Li K. J. et al., 2020). Enterprises may lack the necessary financial resources, and those that adopt green innovations often face risks where investment costs exceed returns (Yang et al., 2015; Xia et al., 2020), potentially reducing their motivation for green innovation due to the associated risks (Geng and Zhao, 2020). A series of studies have examined the factors influencing carbon emissions, focusing primarily on green finance (Umar and Safi, 2023), financial accessibility (Wang and Fan, 2024), digital transformation (Zhang et al., 2024; Chen et al., 2024; Liu et al., 2024), the digital economy (Jiang et al., 2024; Li and Zhou, 2024; Yu et al., 2024), economic uncertainty (Ma and Zhu, 2024), monetary policy (Wu et al., 2024), information and communication technology (Wang et al., 2024), and digital infrastructure (Che et al., 2024). Building on this foundation, some scholars have examined the environmental impact of green innovation. For instance, Liu et al. (2022a), using data from 30 provinces, found that green innovation can reduce carbon emission intensity. Xu et al. (2021), analyzing data at the city level in China, reported that green innovation’s impact on carbon emission performance is primarily driven by industrial structure, urbanization, and foreign direct investment effects. Zhao et al. (2024) similarly examined urban data from China and identified the digital economy as a major channel through which green innovation influences carbon emission performance. Singh et al. (2020) explored the impact of green transformational leadership and green human resource management on environmental performance from an enterprise perspective. At the micro level, Wu et al. (2022) suggested that green innovation influences firms’ total factor productivity by affecting technological distance. Peng et al. (2020) believe that green innovation can reduce corporate costs and increase corporate profits to a certain extent, thereby indirectly reducing environmental pollution. Hojnik and Ruzzier (2016) also affirmed that green innovation can alleviate environmental pressure. Different from the above view, Zheng et al. (2023), Zhan and Pu (2024) believe that there is a U-shaped relationship between green innovation and carbon emissions, which initially reduces carbon emissions and promotes carbon emissions once the critical point is reached.
By reviewing existing literature, it is evident that no research has yet focused on the impact of green innovation on enterprises’ carbon dioxide emissions. This paper seeks to address this gap by analyzing the carbon reduction effects of green innovation from a micro-level perspective. The potential marginal contributions of this paper, compared with existing studies, are as follows: 1) The study extends research on green innovation and carbon dioxide emissions to the enterprise level. While current studies on green innovation and carbon dioxide emissions mainly focus on the provincial and urban levels, there is limited exploration at the enterprise level. Using data from publicly listed companies from 2000 to 2022, this study examines the relationship between green innovation and enterprises’ carbon emissions, thereby supplementing research on factors influencing corporate carbon reduction and enriching studies on the environmental benefits of green innovation in the low-carbon field. 2) The study expands the research on the mechanisms through which green innovation influences carbon emissions. Existing research often suggests that green innovation impacts carbon emissions through channels such as the digital economy (Zhao et al., 2024), industrial structure effects, urbanization effects, and foreign direct investment (Xu et al., 2021) at the regional and city levels. However, little attention has been given to mechanisms such as energy use efficiency and management specialization at the enterprise level. This paper explores the mechanisms of energy efficiency and management specialization in depth, contributing to a better understanding of the intrinsic link between green innovation and corporate carbon emissions. 3) The study enriches the research on the relationship between green innovation and carbon emissions. This study examines the heterogeneous effects of green innovation on carbon emissions in enterprises across four dimensions: types of green innovation, enterprise characteristics, the pollution intensity of the industry, and the technological intensity of the industry. This analysis not only supplements existing literature on green innovation and carbon emissions but also provides theoretical support for China’s “dual carbon” goals, offering significant insights for sustainable economic and social development in developing countries.
2 RESEARCH HYPOTHESIS
Enterprise green innovation is primarily reflected in two dimensions: green technological innovation and green managerial innovation. Green technological innovation can drive the development of new digital industries, further optimize industrial structures, (Guo et al., 2019) and reduce enterprises’ reliance on high-carbon-intensive operations, fundamentally altering carbon emissions. With continuous technological advancements, such as the adoption of clean technologies, enterprises can lower the cost of clean energy, decrease energy intensity during production, and ultimately reduce carbon emissions in the production process. Green managerial innovation, on the other hand, enables enterprises to adopt advanced energy management systems, increase the proportion of renewable energy in production planning, optimize resource utilization, and minimize raw material wastage, thereby reducing carbon emissions. Furthermore, enterprises enhance green supply chain management by implementing green procurement policies, setting clear environmental standards for supplier materials (Niu and Liu, 2021), and prioritizing suppliers with strong environmental performance. These measures incentivize suppliers to adopt stricter carbon emission management practices, further lowering overall emissions. Based on this, the following hypothesis is proposed:
H1. Green innovation significantly reduces carbon emissions.
2.1 Enhancing energy efficiency
When enterprises engage in green innovation, two primary approaches in the technological domain are observed. The first involves upgrading and modernizing existing technologies. For instance, enterprises focus on updating current equipment through continuous collaboration with technology suppliers, ensuring ongoing advancements in environmental technologies. Green technological innovation also facilitates the restructuring and optimization of industrial sectors, promoting the transformation of energy-intensive industries. For example, introducing advanced energy-saving technologies and equipment enables sectors such as steel and chemicals to significantly reduce energy consumption per unit of output, achieving a green transition. By consistently upgrading existing clean energy technologies, enterprises can effectively decrease their reliance on fossil fuels and enhance overall energy efficiency (Akther et al., 2024). Additionally, in the realm of production processes, enterprises leverage digital technologies—such as the industrial internet and artificial intelligence—to improve production design processes, retrofit existing equipment, optimize facility management, and achieve intelligent production. These advancements reduce marginal costs and further enhance energy efficiency.
The second approach involves adopting new technologies. This is exemplified by introducing cutting-edge energy-efficient equipment and employing the latest energy-saving technologies to reduce energy consumption. The integration of digital and intelligent technologies is also promoted (Gao et al., 2024). By utilizing digital technologies such as the Internet of Things (IoT), big data, and cloud computing, enterprises can monitor and control energy usage in real-time. Data analytics and intelligent algorithms optimize energy allocation (Hu J. et al., 2024; Hu S. et al., 2024), while advanced AI algorithms predict energy demand, enabling dynamic adjustments to energy supply strategies and minimizing unnecessary waste. Moreover, enterprises actively participate in the research and development of clean energy technologies, such as hydrogen and biomass energy, to explore diversified clean energy solutions. The development of efficient energy conversion technologies, including advanced internal combustion engines, high-efficiency motors, and inverters, also significantly reduces energy losses during conversion processes.
In general, industrial carbon emissions primarily originate from the combustion of fossil fuels (Sun and Onuh, 2024), which are used either as energy sources or as raw materials in production processes. Clearly, improving energy utilization efficiency can reduce carbon emissions at the source (Liu et al., 2022b). Based on this, the following hypothesis is proposed:
H2. Green innovation reduces enterprise carbon emissions by enhancing energy efficiency.
2.2 Enhancing the professionalization of enterprise management
Enterprises engaged in green innovation typically develop systematic strategic plans that define clear goals, steps, and divisions of responsibility. Such well-defined planning enhances internal control mechanisms, facilitating more effective managerial coordination (Wang et al., 2023). During this process, enterprises perform accurate assessments of their resources, gaining a clearer understanding of their green innovation directions. This enables the adoption of targeted management measures to achieve strategic objectives. Additionally, green management innovation effectively mitigates environmental risks. By optimizing processes, enterprises improve their resilience to risks, enabling more efficient and timely responses to policy changes and market demands, thereby increasing the flexibility and precision of managerial specialization. Moreover, when implementing green innovation, enterprises enhance execution methods and performance standards, further professionalizing managerial practices. Green innovation also extends beyond internal operations to encompass external supply chain networks. Green initiatives along the supply chain are often achieved through collaboration among multiple enterprises or departments. To ensure these initiatives are realized, comprehensive inter-organizational cooperation is fostered, providing organizational support for activities. The coordination, task allocation, progress monitoring, and performance evaluation among different enterprises or departments compel enterprises to improve managerial specialization.
As managerial specialization advances, production strategies are adjusted to prioritize environmental impacts over purely economic objectives, promoting low-carbon production practices. Enhanced managerial specialization also leads to more stringent employee selection and training criteria, incorporating dimensions such as green experience and awareness. Enterprises allocate more budgets to employee incentives, fostering creativity and motivation for green initiatives and deepening efforts in low-carbon and emission reduction practices. Employees selected under such criteria are more committed to sustainable development, proactively adopting green technologies to reduce carbon emissions and support long-term sustainability goals. Implementing green supply chain management enhances the environmental performance of the entire production network, satisfying consumer demands for green products across diverse economies and complying with environmental regulations in various export markets. This optimizes supply chain structures, reduces carbon emissions across the supply chain, and fundamentally improves carbon emission performance. Based on this, the following hypothesis is proposed:
H3. Green innovation reduces enterprise carbon emissions by enhancing the professionalism of enterprise management.
The relationships among the three hypotheses proposed in this study are shown in Figure 1.
[image: Figure 1]FIGURE 1 | Research framework.
3 RESEARCH DESIGN
3.1 Data source
Considering data availability, this study examines A-share listed enterprises from 2000 to 2022. The data sources for this study are as follows:
First, Green innovation data from 2000 to 2022 year: this data originates from the State Intellectual Property Office (SIPO) of the People’s Republic of China. In 2010, the World Intellectual Property Organization (WIPO) introduced the International Patent Classification Green Inventory, an online tool to facilitate the search of environmentally friendly technology patents. Based on the United Nations Framework Convention on Climate Change, this classification divides green patents into seven main categories. Following this classification, we calculate the annual number of green patents for each enterprise. Second, Carbon emission data from 2000 to 2022 year: the annual carbon emissions data are calculated based on enterprises’ disclosures in social responsibility reports, sustainability reports, environmental reports, and the “Guidelines for Enterprise Greenhouse Gas Emissions Accounting and Reporting.” Third, Enterprise characteristic variable from 2000 to 2022 year: these variables are sourced from the China Stock Market and Accounting Research (CSMAR) database. Given data availability, this study selects A-share listed companies on the Shanghai and Shenzhen stock exchanges from 2000 to 2022 as the research sample. To ensure the reliability of the sample data and the accuracy of the regression results, the following procedures are implemented:
(1) Companies in the financial and insurance sectors are removed, as these enterprises do not operate within the real economy and have unique business models.
(2) ST, *ST, and SST companies are excluded because they are publicly listed enterprises with abnormal operational conditions.
(3) Companies with significant data gaps are also removed.
3.2 Variable selection
3.2.1 Dependent variable
The dependent variable in this study is the enterprises’ carbon emissions. Drawing on methodologies from Bolton and Kacperczyk (2021) and Wang Y. et al. (2023), this research measures enterprises’ carbon emissions using data on annual direct, indirect, or total carbon emissions disclosed by publicly listed companies. For enterprises that do not directly disclose these data, carbon emissions are calculated according to the “Guidelines for Corporate Greenhouse Gas Emissions Accounting and Reporting.” Direct, indirect, and total carbon emissions are estimated based on company fossil fuel consumption, electricity use, and heat consumption. This study focuses on carbon emissions generated during the production process and utilizes the natural logarithm of total emissions minus emissions from land-use changes to assess overall carbon emissions (Bolton and Kacperczyk, 2021).
3.2.2 Independent variables
The independent variable in this study is green innovation, encompassing innovations in areas such as technology and production. This paper primarily focuses on green technological innovation. Following Qi et al. (2018), the level of green innovation in enterprises is measured using the ratio of the total number of green patents to the total number of independent patent applications filed within the same year.
3.2.3 Control variables
Existing research has identified multiple factors influencing enterprises’ carbon emissions. To control for the effects of other variables, several critical control variables related to governance structure and financial conditions are incorporated into the model:
(1) Enterprise Size (SIZE): Measured by the natural logarithm of the total assets at the end of the year.
(2) Total Asset Growth Rate (TAGR): Calculated as the ratio of the difference between the total assets of the current year and the previous year to the total assets of the previous year.
(3) Cash Flow (FC): Represented by the ratio of net cash flow from operating activities to total assets at the end of the year.
(4) Board Size (BOD): Determined by the natural logarithm of the total number of board members.
(5) Return on Assets (ROA): Defined as the ratio of net profit to shareholders’ equity.
(6) Intangible Asset Ratio (ITANG): Measured as the ratio of net intangible assets to total assets.
(7) Management Fee Rate (MF): Calculated as the ratio of management expenses to main business income.
(8) Financial Leverage (FL): Measured by the ratio of total liabilities to total assets.
Descriptive statistics for the study data are presented in Table 1.
TABLE 1 | Statistical description.
[image: Table 1]3.3 Empirical model
To investigate the impact of green innovation on enterprise carbon emissions, this study constructs the following econometric model for empirical testing:
[image: image]
In Equation 1, f and t represent the enterprise and year, respectively. The dependent variable, CEft, indicates the carbon emissions level of enterprise f in year t. The explanatory variable, GIft, reflects the overall internal control status of enterprise f in year t. Z denotes a set of control variables, φt represents the year fixed effects, θf denotes the enterprise fixed effects, and εft refers to the random error term.
4 EMPIRICAL RESULTS
4.1 Benchmark regression results
Table 2 presents the baseline regression results. Column (1) shows the regression outcome of GI and CE without any control variables, while controlling for year and enterprise fixed effects. Column (2) incorporates a series of control variables on this basis. The empirical results indicate that, whether or not control variables are included, the estimated coefficient of the explanatory variable GI is significantly negative at the 1% level. This finding demonstrates that green innovation by enterprises can significantly reduce carbon emissions among Chinese enterprises.
TABLE 2 | Estimated results of the benchmark model.
[image: Table 2]4.2 Robustness tests
To verify the stability of the empirical results and enhance their credibility, four robustness tests are conducted in this study: substituting explanatory variables, controlling for industry fixed effects, clustering robust standard errors, and applying a 1% bilateral winsorization.
4.2.1 Replacement of independent variable
To eliminate the interference of measurement errors in green innovation on regression results, this study adopts the approach of Wang and Wang (2021) to re-measure green innovation, setting it as the variable GI_new. Green innovation is measured by taking the natural logarithm of the sum of an enterprise’s independent green invention applications and independent green utility model applications for the year, adding one. Column (1) in Table 3 presents the corresponding estimation results, indicating that the coefficient of GI is significantly negative at the 1% level. This finding suggests that, even after replacing the explanatory variable, the regression results remain robust.
TABLE 3 | Robustness tests.
[image: Table 3]4.2.2 Replacement of dependent variable
To eliminate the potential interference of carbon emission measurement errors on the regression results, this study adopts carbon emission intensity as an alternative measure of enterprise carbon emissions, denoted as the variable CE_new. Carbon emission intensity is calculated as the ratio of an enterprise’s annual carbon emissions to the GDP of the same year. The corresponding estimation results are presented in column (2) of Table 3. It is observed that the coefficient of GI on CE_new remains significantly negative, indicating that the regression results remain robust after replacing the dependent variable.
4.2.3 Control industry fixed effects
Considering the potential industry specificity of green innovation, this section controls for industry-fixed effects to examine any changes in the empirical results. As shown in Column (3) of Table 3, controlling for industry-fixed effects indicates that increasing green innovation still has a negative impact on reducing enterprises’ carbon emissions, remaining statistically significant at the 1% level. These findings suggest that, even after accounting for industry effects, enhancing green innovation continues to contribute to lowering enterprise carbon emissions. The empirical results are consistent with the mechanism and analysis presented earlier.
4.2.4 Robust standard error of clustering
To further address potential correlations within the empirical sample and resolve heteroscedasticity issues, clustered robust standard errors are employed to enhance the credibility and authority of the empirical results. The findings are presented in column (4) of Table 3. Clearly, green innovation continues to significantly reduce enterprise carbon emissions, with statistical significance at the 1% level. The empirical results indicate that while heteroscedasticity cannot be entirely eliminated, the use of clustered standard errors confirms a significant negative impact of green innovation on enterprise carbon emissions. These findings are consistent with the mechanisms and empirical results discussed earlier, demonstrating the reliability and validity of the previous analysis.
4.2.5 Bilateral 1% tail reduction
To further exclude the possibility of correlation within the empirical sample and address heteroskedasticity, cluster-robust standard errors are applied, enhancing the credibility and authority of the empirical results. These results are displayed in column (5) of Table 3. Evidently, green innovation continues to contribute to reducing enterprise carbon emissions, with statistical significance at the 1% level. The empirical findings indicate that while heteroskedasticity cannot be entirely eliminated, a significant negative impact of green innovation on enterprise carbon emissions is observed when cluster standard errors are used. This empirical conclusion aligns with the theoretical mechanism and prior empirical results, reinforcing the reliability and authenticity of previous findings.
4.3 Endogeneity test
To ensure the accuracy of baseline regression, it is essential to address potential endogeneity issues in the econometric model, primarily arising from reverse causality and omitted variables. This paper employs the number of green trade agreements signed by enterprises’ export trade partner countries (Number) as an instrumental variable for green innovation, estimating the relationship using two-stage least squares. Given that the provisions included in international green trade agreements explicitly define environmental standards for various traded products, these agreements influence the types and quantities of green products exported by economies, thereby affecting the level of green innovation within enterprises located in those economies. This fully aligns with the relevance assumption of instrumental variables. Moreover, green trade agreements, signed by different economies to establish, maintain, and develop economic and trade relations while pursuing green benefits, are outcomes of political and economic equilibrium among nations. This characteristic satisfies the exclusivity requirement of instrumental variables. This study uses data from the WTO RTAIS (Regional Trade Agreements Information System) database, collating and processing the number of trade agreements that contain green clauses. As the number of green trade agreements is measured at the national level, this study also weights this variable by the trade volume of each enterprise’s exports to different economies, matching it to the enterprise level.
Table 4 reports the results of two-stage estimations. Column (1) presents the first-stage regression outcomes, where the estimated coefficients of the instrumental variables are all significantly negative at the 1% level. Given that the number of instrumental variables does not exceed the number of explanatory variables and the F-statistic values of the instrumental variables are well above the critical value at the 10% significance level in the Stock-Yogo test, weak correlation issues are excluded. Column (2) provides the second-stage regression results, showing that the sign and significance of the estimated coefficient for GI remain consistent with those in the baseline regression, further validating the findings of this study.
TABLE 4 | Estimated results of Instrumental variable regression results.
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5.1 Distinguishing different types of green innovation
Green innovation includes applications for both green invention patents and green utility patents, each differing in technological innovation level and scope of protection, which may affect enterprises’ carbon emissions reduction in varying ways. Compared to green utility patents, green invention patents generally involve higher levels of technological R&D, a more complex review process, and a broader scope of protection, encompassing various aspects such as manufacturing methods, usage methods, and product structure (Li and Zheng, 2016). Based on this, we hypothesize that applying for green invention patents is more effective in reducing enterprises’ carbon emissions than applying for green utility patents.
This study explores the heterogeneous effects of different types of green innovation on reducing enterprises’ carbon emissions by distinguishing between applications for green invention patents and green utility patents. The quantity of green invention patent applications (INVA) and green utility patent applications (UMA) are used to measure the respective application activity for these types of patents. As shown in Table 5, Columns (1) and (2) report the effects of green invention patents and green utility patents on enterprises’ carbon emissions. Notably, the estimated coefficient for green invention patents is higher than that for green utility patents, supporting our hypothesis.
TABLE 5 | Estimated results of distinguishing different types of green innovation.
[image: Table 5]5.2 Distinguishing the nature of enterprises
Given the variations in internal control strength among enterprises with different characteristics (Lin et al., 2024), enterprises may exhibit distinct responses when engaging in green innovation. Compared to non-state-owned enterprises (Non SOEs), state-owned enterprises (SOEs) benefit from stronger administrative protections, operate in more stable market positions, and face less competitive pressure. This, to some extent, reduces their inclination toward green innovation, as the implementation of policies is often limited by management structures and vested interests, resulting in outcomes that fall short of expectations. Consequently, we hypothesize that non-state-owned enterprises achieve greater carbon emissions reductions through enhanced green innovation than their state-owned counterparts.
In this study, following Hsieh and Song (2015), we construct a binary variable for enterprise ownership, defining an enterprise as state-owned if its state capital constitutes 50% or more of its paid-in capital, assigned a value of 1; otherwise, it is categorized as non-state-owned with a value of 0. Columns (1) and (2) of Table 6 report the impact of green innovation GI on CE, showing that the estimated coefficient for non-state-owned enterprises is higher than that for state-owned enterprises, thereby validating the above hypothesis.
TABLE 6 | Estimated results of distinguishing the nature of enterprises.
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Enterprises in industries with varying pollution levels may experience heterogeneity in the impact of green innovation on carbon emissions due to differences in pollution emission structures and policy support across industries. Enterprises in high-pollution industries typically engage in daily production activities associated with significant energy consumption and pollutant emissions, often resulting in higher levels of carbon output. Additionally, the government generally places stricter environmental policies and emission standards on high-pollution industries, incentivizing these enterprises to pursue green innovation more actively. Thus, we propose that green innovation is more effective in reducing carbon emissions for enterprises in high-pollution industries than for those in low-pollution sectors.
This study examines the heterogeneity in the impact of green innovation on enterprise carbon emissions by distinguishing the pollution levels of their respective industries. The dummy variable, POLLUTION, is used to measure pollution levels, with the industry median as the cutoff. Industries with pollution levels above the median are classified as high-pollution (POLLUTION = 1), while those below the median are classified as low-pollution (POLLUTION = 0). Results are presented in Table 7; columns (1) and (2) report the impact of GI on CE, revealing that the estimated coefficient for high-pollution industries exceeds that for low-pollution industries, thereby confirming the hypothesis outlined above.
TABLE 7 | Estimated results of distinguishing different levels of industry pollution.
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Enterprises operating in industries with different levels of technological intensity may exhibit varying carbon reduction effects from green innovation due to differences in technological innovation capacity and resource consumption. Compared to enterprises in low-technological-intensity industries, those in high-technological-intensity industries typically possess stronger R&D capabilities and higher innovation capacity, enabling more comprehensive and advanced green innovation. Consequently, the carbon reduction effects of green innovation are more pronounced in high-technological-intensity industries. Furthermore, enterprises in high-technological-intensity industries often face substantial technological investments and higher levels of energy and resource consumption, which provide greater overall emission reduction potential. Based on this, it is hypothesized that the effect of green innovation on reducing carbon emissions is greater for enterprises in high-technological-intensity industries than for those in low-technological-intensity industries.
This study explores the heterogeneous impact of green innovation on enterprise carbon emissions by distinguishing enterprises based on their industry’s technological intensity. Following Lu and Dang (2014), a dummy variable TECH is used to measure technological intensity, calculated as the ratio of R&D expenditure to employee compensation. Industries are classified by the median technological intensity: industries above the median are categorized as high-technological-intensity (coded as 1), while those below the median are categorized as low-technological-intensity (coded as 0). The results, presented in Table 8, show that the estimated coefficients of GI on carbon emissions CE are higher for enterprises in high-technological-intensity industries than for those in low-technological-intensity industries. These regression results confirm the proposed hypothesis.
TABLE 8 | Estimated results of distinguishing different levels of technology intensity.
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Empirical results demonstrate that green innovation significantly reduces carbon emissions in Chinese enterprises. Further investigation is conducted to explore the specific channels through which green innovation impacts carbon emissions in these enterprises. Based on theoretical analysis, energy utilization efficiency and management specialization are identified as critical pathways for green innovation to influence carbon emissions in Chinese enterprises, and empirical tests are carried out to examine these effects.
6.1 Energy efficiency mechanism
This study uses the intensity of energy consumption per unit of GDP to assess energy efficiency (Energy). A higher Energy value indicates a greater energy utilization efficiency for the enterprise. Table 9 presents the results of testing this mechanism. Column (1) estimates the impact of GI on Energy, with the coefficient showing a significant positive effect at the 1% level. This finding suggests that enhancing green innovation in enterprises contributes to improved energy utilization efficiency. Column (2) displays the estimated coefficient of Energy on CE, showing a significant negative effect at the 1% level, indicating that increasing an enterprise’s RISK level can significantly reduce its carbon emissions. Therefore, it can be inferred that strengthening green innovation in enterprises can reduce carbon emissions by improving energy utilization efficiency.
TABLE 9 | Estimated results of energy efficiency mechanism.
[image: Table 9]6.2 Management specialization level mechanism
Based on the matching data from the WIOD and labor occupational databases, as referenced by Zhong et al. (2021), the forward decomposition method of trade value-added is applied to measure industry-specific management specialization levels through industry factor returns. Following the approach of Chor et al. (2021), management specialization levels for enterprises (Manage) are calculated using a weighted method, where higher values indicate stronger and more effective management. Table 10 presents the results of tests on the above influence mechanism. Column (1) estimates the effect of GI on Manage, with a positive coefficient significant at the 1% level, indicating that enhancing green innovation in enterprises promotes higher management specialization. Column (2) shows a negative and significant coefficient of Manage on CE at the 1% level, suggesting that improving enterprise management specialization significantly reduces carbon emissions. Thus, it can be inferred that strengthening green innovation in enterprises can lower carbon emissions by enhancing management specialization.
TABLE 10 | Estimated results of management specialization level mechanism.
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7.1 Conclusion
Based on panel data from A-share listed enterprises in China from 2000 to 2021, this study examines the impact of green innovation on enterprise carbon emissions. It also explores the heterogeneity of these effects by green innovation type, industry pollution level, and enterprise ownership, and investigates the specific mechanisms through which green innovation affects carbon emissions. The findings reveal that:
(1) Green innovation significantly reduces enterprise carbon emissions, a conclusion that remains robust across various analyses. This reduction primarily occurs through two channels: improved energy efficiency and enhanced enterprise management specialization.
(2) Compared to applying for green utility model patents, green innovation driven by applying for green invention patents is more effective in reducing enterprise carbon emissions. When examining enterprise ownership, the carbon emission reduction effect of green innovation is found to be more pronounced in non-state-owned enterprises than in state-owned ones. Furthermore, when comparing industries based on pollution levels and technological intensity, the carbon emission suppression effect of green innovation is stronger in enterprises operating in high-pollution and high-technology-intensive industries.
7.2 Policy recommendations
This paper provides empirical evidence identifying the impact of green innovation on enterprises’ carbon emissions, offering new insights for promoting sustainable enterprise development. Based on these findings, the following recommendations are proposed:
(1) The results of this study indicate that green innovation significantly reduces enterprise carbon emissions and enhances environmental benefits. Therefore, enterprises should proactively implement green innovation in the future. Internally, enterprises are encouraged to integrate the concept of green innovation into their corporate culture, embedding green elements such as environmental protection and low carbon into their core values and business strategies. This approach should promote awareness of green innovation among all employees. When formulating development strategies, enterprises are advised to move beyond solely pursuing economic benefits and increasingly prioritize environmental performance, aiming for the synergistic development of economic and environmental benefits. Externally, enterprises can consider learning from international best practices in green innovation and enhancing their own capabilities in this field. Collaboration with trading partners on research and application development in green innovation is also recommended.
(2) Previous studies have found that, compared to applying for green utility model patents, applying for green invention patents requires higher levels of innovation as well as greater technological depth and breadth. Therefore, green innovation involving green invention patents is more effective in reducing enterprise carbon emissions. Enterprises should tailor patent application strategies based on their specific circumstances, allocating budgets to prioritize green invention patents. When applying for these patents, focus should be placed on increasing both the quantity and quality of patents by refining technical plans and recruiting experienced teams for research and development. After obtaining patents, ongoing maintenance is essential. For utility model patents, enterprises should first broaden the scope of patents across fields and then deepen their application levels within each domain.
(3) Considering that the carbon emission reduction effect of green innovation is more pronounced in non-state-owned enterprises compared to state-owned enterprises, several findings are highlighted. Green innovation exerts a stronger inhibitory effect on carbon emissions in enterprises operating in highly polluting industries. Additionally, the suppressive effect is more significant in industries characterized by high technological intensity. Non-state-owned enterprises, as well as those in high-pollution and high-tech industries, should place greater emphasis on green innovation and actively adopt green practices. This includes introducing advanced green technologies to optimize energy structures, integrating green technologies into production processes, streamlining workflows, and reducing energy consumption and emissions. Enterprises should also focus on enhancing internal management specialization by assembling teams of executives with green expertise, providing regular training to employees, and disseminating the latest knowledge and methods of green innovation. In green supply chain management, preference should be given to suppliers with green production capabilities and environmental certifications. Low-carbon and environmentally friendly logistics solutions should be adopted to minimize energy consumption and emissions during transportation.
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