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Abstract

:

With the continuous intensification of competition among major countries and the resurgence of anti-globalization trends, countries around the world have strengthened their strategic deployment for digital transformation in the manufacturing industry. Digital development enables enterprises to transform and upgrade, and the digital transformation and green transformation of enterprises have a historic intersection. This study uses the panel data of 1900 A-share listed companies to explain the theoretical mechanism of digital transformation to promote carbon emission reduction from the perspective of green technology progress. In addition, the threshold model is used to analyze the nonlinear relationship. The results show that the digital transformation has significantly reduced the carbon emission level of Chinese manufacturing enterprises, and the conclusion is still true after the instrumental variable estimation and robustness test. Heterogeneity analysis found that the carbon emission reduction in state-owned enterprises is more obvious. Green technology innovation capability shows the technology dividend effect, which is an important way for digital transformation to promote carbon emission reduction. This study expands the research on the sustainable development of China’s manufacturing industry and provides guidance for policy makers and business decision makers.






Keywords:


digital transformation; carbon emissions; green technology innovation; sustainable development












1. Introduction


The accumulation of carbon dioxide has brought some negative effects, causing harm to human health and ecosystems [1]. The world has recognized the extent and consequences of carbon impact on global climate change; therefore, it has been conducting some research, tracking, disposal, and response for many years. Governments around the world are actively concerned about global warming and take active measures to reduce environmental pollution. The specific challenges faced by China in its transition to a low-carbon economy are multifaceted. The contribution rate of China’s secondary industry to GDP is about 40%, while energy consumption accounts for about 68%. This industrial structure puts enormous pressure on China to reduce carbon emissions. Coal is the main source of energy in China, accounting for 56% of the total energy consumption in 2021. This energy structure leads to enormous incremental pressure on greenhouse gases, posing a significant challenge to low-carbon transformation. China’s energy intensity is about 1.5 times the global average, which means there is still a large amount of room for improvement in energy utilization efficiency and energy conservation and emission reduction. As a high emission country, China needs to achieve large-scale emission reduction within a limited time window and complete the comprehensive green and low-carbon transformation of its economy and society, which is undoubtedly a challenging task. The Chinese government has made a serious commitment: by 2030, China’s carbon emissions will be reduced from 60% to 65% compared with 2005, and it is proposed to achieve carbon neutrality by 2060 [2]. The Chinese government emphasizes the priority of ecological environment and has made work arrangements for the comprehensive green transformation of the economy and society in the future. These measures include strengthening carbon reduction actions, promoting renewable energy, etc., in order to achieve coordinated promotion of high-quality economic development and high-level protection of the ecological civilization. The development of China’s manufacturing industry is not only reflected in the economic level, but also related to the status of the country and people’s lives. China ranks first in the world in terms of manufacturing scale with its own potential and unique advantages [3]. In the future, with the rapid economic development, if this industry continues to adopt an extensive development model, its impact on the ecological environment will continue to expand, seriously affecting the sustainable use of resources and the environment in which people live. Carbon peaking and carbon neutralization are both opportunities and challenges for the manufacturing industry. Only by making full use of digital technology can manufacturing enterprises walk more steadily and effectively on the path of digital and low-carbon collaborative development. Digital transformation is undoubtedly the best choice. At present, China’s manufacturing enterprises have begun many beneficial explorations, which is worth studying.



The application of digital technology helps enterprises determine the direction, potential, and path of green technology innovation [4]. Digitalization is an important means to reduce carbon emissions at present, and the promotion of greening is inseparable from digitalization. The green transformation needs solid digital technology as support [5]. For example, enterprises can promote the degree of enterprise informatization, increase social influence, and optimize corporate structure to promote green technology innovation through digital transformation [6]. However, enterprises’ green technology innovation investment is an investment form with unique characteristics, which requires enterprises to fully consider its unique characteristics in the investment processes, perform a good job in risk management, and actively explore suitable investment and financing modes. More research on how green technology innovation promotes the low-carbon transformation of manufacturing industry is needed to provide new insights for enterprises and government decision-making.



However, previous literature has mainly focused on the relationship between digital transformation and carbon emissions. Scholarship has yet to combine the development level of digital transformation, green technology innovation, and carbon emissions to examine their dynamic relationship. This indicates that research into the specific mechanism of green innovation between digital transformation and carbon emissions is still inadequate. Therefore, our research offers a fresh perspective to reveal the pivotal role of green technology innovation. As digital transformation of enterprises has a positive impact on enhancing the efficiency of green technology innovation, and both may have an impact on carbon emissions, we can infer that green technology innovation may be a crucial mediator between digital transformation and carbon emissions. Additionally, the impact of enterprise digital transformation on carbon emissions is both directly and indirectly influenced by green technology innovation. Furthermore, green technology innovation may have both positive and negative impacts on carbon emissions. Therefore, when considering green technology innovation, the impact of digital transformation on carbon emissions may exhibit nonlinear characteristics.



Compared to previous studies, this paper adds to the research on the relationship between the digital transformation of manufacturing enterprises, green technology innovation, and the carbon emissions of manufacturing enterprises. First, an extended STIRPAT model is constructed by introducing enterprise digital transformation, which serves as the benchmark model. Second, green technology innovation is taken as a mediator to explore its emission reduction effect. Third, the nonlinear relationship between enterprise digital transformation and carbon emissions is explored. This paper discusses the nonlinear effect of enterprise digital transformation on carbon emission reduction. In contrast to previous studies, this study emphasizes the crucial role of green technology innovation. Through digital transformation, enterprises can enhance production efficiency, optimize energy usage, and minimize environmental pollution, thus achieving sustainable development. Green technology innovation also supports enterprises’ digital transformation. Additionally, this study provides practical guidance and suggestions for decision makers and enterprise decision makers.



This paper focuses on the digital transformation, green technology innovation, and carbon emissions of manufacturing enterprises. It delves into four gradual questions:




	
RQ1. Can digital transformation effectively curb carbon emissions?



	
RQ2. Can green technology innovation serve as a mediating variable?



	
RQ3. Is the impact of digital transformation on carbon emissions nonlinear?



	
RQ4. What is the impact of different property rights on carbon emissions?








To answer the above questions, the following sections of this paper are structured as follows: the second section organizes previous research results and advances the theoretical assumptions of this paper. The third section constructs an econometric model and explains the significance of the variables. The fourth section presents the empirical results, and guarantees the reliability of the research results through the robustness test. The fifth section discusses the research results. The sixth section summarizes the research results and proposes corresponding policy recommendations according to the actual environment.




2. Literature Review and Hypotheses


This section provides a review of relevant research on the impact of digital transformation and green technology innovation on carbon emissions, providing a basis for setting econometric models to respond to research questions and providing literature support for proposing research hypotheses.



2.1. Literature Review


Although many scholars have noticed the carbon emission reduction benefits of enterprise digital transformation, there is no final conclusion about the relationship between the two and specific industries. The integration of real industry and digital industry will bring the superposition effect of digital value and commercial value, and realize the effect of three dimensions of open source, cost saving, and efficiency improvement. It has been reflected in the digital development of manufacturing industry. At present, many Chinese enterprises have achieved good results in environmental protection through advanced information technology [7]. Enterprises can make use of the advantages brought by digital transformation to enhance their comprehensive strength in business activities [8]. For example, enterprises can make full use of the advantages of digital finance, reduce the difficulty of enterprise financing, and provide financial support for technology upgrading [9]. In addition, the research of Shang et al. [10] shows that the objective of Chinese enterprises is to reduce carbon emissions through digital applications. The digital process of enterprises also indirectly broadens their technological innovation thinking, optimizes the overall production process, and improves the intensity of relevant information disclosure, thus significantly reducing the intensity of carbon emissions. Then, there are studies that show that the emission reduction effects brought by the digital transformation of different industrial sectors are obviously different [11], for example, the energy conservation and emission reduction in electric heating enterprises are not obvious [12]. Moreover, the rapid development of digital economy and the construction of necessary infrastructure have increased the consumption of energy, and caused the increase in carbon dioxide in its primary stage [13]. Therefore, the emission reduction effect of digital economy cannot be lumped together. Some scholars have pointed out the possible nonlinear characteristics between the two. Li et al. used the econometric model to prove that the carbon emission reduction effect of the digital economy of China’s prefecture level cities presents an inverted U shape [14]. Yang’s research shows that individual micro enterprises can use digital transformation to reduce environmental pollution incrementally [15].



According to Romer’s endogenous economic growth theory, technological progress can promote economic development. Technological innovation guided by the connotation of green development reflects the dual goals of economic and ecological development. Under the guidance of the national green development concept, green technology innovation can effectively enhance the reduction in carbon emissions in the manufacturing industry. From a microscopic perspective, this is reflected in the fact that enterprises can use modern technologies such as big data, blockchain, and digital twins to carry out low-carbon transformation and upgrading of process and equipment, promote process innovation, management optimization, and equipment upgrading, and form a green production supply chain, thereby reducing carbon emissions in production processes [16]. From a macro perspective, green technology innovation can empower the comprehensive low-carbon transformation of the economy and society, thereby promoting low-carbon energy consumption [17]. Green technology innovation helps to promote the development of the green industry, promote the green transformation of traditional industries, and eliminate polluting industries, thereby improving energy efficiency, promoting the high-end and greenization of industrial structure, and helping to reduce carbon emissions [18].



The current research shows that the digital transformation of enterprises can promote the innovation of green technology. Digital technology has the ability of efficient analysis, which not only breaks the isolation between banks and enterprises, but also reduces the cost of green technology innovation and accelerates the conception and implementation of innovation projects for the exchange and sharing of enterprise resources and the absorption and diffusion of external knowledge [19]. Green technology innovation can enhance the innovation ability of advanced manufacturing industry, enhance its innovation output, and provide innovation guarantee for high-quality industrial development [20]. Green technology innovation can release the effect of energy conservation and emission reduction, promote the cleaning of industrial structure, update and improve machinery and equipment, improve the green manufacturing capacity of enterprises, and effectively reduce the environmental costs of enterprises [21]. Enterprises in green technology, green products, green technology, and other aspects are also increasingly mature, forming a virtuous circle of digital development and green technology innovation. At the same time, enterprises optimize talent management through digital transformation [22]. As an important resource for enterprise development, talent has become an important driving factor for enterprise green technology innovation. Zhang et al. [23], Ning et al. [24], and Lu et al. [9] pointed out that technological innovation provides a powerful driving force, and the “double carbon” goal provides an effective transmission path for industrial technological progress. Therefore, under the goal of “double carbon”, green development can promote manufacturing enterprises to reduce environmental costs and resource use costs, promote the development of low-carbon economy, and then promote the high-quality development of advanced manufacturing enterprises.



From the above, it can be seen that existing research attempts to open up the “black box” of digital transformation and carbon emissions, in order to identify potential problems in China’s green and low-carbon development. The digital transformation has strengthened the application of technology to a certain extent, but the mechanism of its impact on low-carbon development still needs to be further clarified. In particular, the mechanism of green technology innovation’s impact on carbon emissions in the process of digital transformation still needs to be constructed. In view of this, based on existing literature research, this article will start from the relationship between digital transformation and low-carbon development, attempting to analyze the mechanism of green technology innovation in the impact of digital transformation on low-carbon development.




2.2. Research Hypothesis


2.2.1. Direct Impact of Digital Transformation on Low-Carbon Transformation of Enterprises


Enterprise digital transformation refers to the introduction and application of digital technology to optimize the production process, innovate the management mode, and promote the upgrading and transformation of enterprise structure [25]. Digital transformation is a practice of using advanced technology to make the enterprise operation more efficient and productive. This is not just a simple replacement of the existing process, but a process involving comprehensive changes in business processes, corporate culture, and market strategies. Enterprises are transforming to manufacturing servitization and service-oriented manufacturing, changing the original business model and value system, better serving customers and improving their competitiveness [26]. The goal of digital transformation in the manufacturing industry is to promote business transformation, technological transformation, and organizational transformation of manufacturing enterprises. Among them, business transformation aims to promote the improvement of operational indicators through digital transformation of the entire value chain, including increasing revenue through digital means in sales and research and development, reducing costs through digital technology in procurement, manufacturing, and support departments, and optimizing cash flow through digital means in supply chain and capital management; technological transformation aims to build the industrial Internet of Things architecture and technology ecosystem required for enterprise digital transformation; organizational transformation aims to promote profound changes in the organizational structure, operational mechanisms, talent cultivation, and organizational culture of enterprises. There are three stages for enabling and reducing carbon in the manufacturing industry through digital transformation: the first stage is to reduce carbon through management, and reduce carbon through management platform or capacity adjustment. The second stage is to maintain the existing production methods and processes, increase carbon control and efficiency enhancing technologies or provide the public service digital platform to reduce carbon emissions. The third stage is the digital upgrading of the enterprise’s core R&D and production process, reducing carbon through the intelligent production equipment and the evolution of business flow. The role of digital transformation mainly includes the following: first, enterprises using more intelligent digital equipment can alleviate the growth of energy consumption from the source to a certain extent, more scientifically predict and intervene the target energy demand, so as to prevent and reduce the generation of pollutants and waste of resources, accurately invest energy, optimize energy utilization, and effectively improve energy efficiency [27]. Second, enterprises can also predict the target energy demand through big data technology, reduce unnecessary pollutant emissions and resource waste, and improve the energy consumption and allocation efficiency of enterprises [28]. Third, in traditional production models, enterprises often rely heavily on human and material resources, leading to energy waste and environmental pollution. Through digital transformation, enterprises can gradually reduce production costs, improve efficiency, and help reduce environmental pollution [29]. Finally, the construction of infrastructure such as digital communication platforms is increasingly strengthening, laying a resource and knowledge foundation for manufacturing enterprises to carry out green technology innovation activities. The gradual improvement of digital infrastructure is conducive to increasing the frequency of innovation, cultivating high-end production factors, promoting the diffusion of technological innovation, and enhancing the possibility of new value creation under low resource consumption conditions [30]. In this context, this paper proposes the following first research hypothesis:



Hypothesis 1.

Manufacturing enterprises can promote the reduction in their carbon emissions through digital transformation.






2.2.2. Indirect Impact of Digital Transformation on Low-Carbon Transformation of Enterprises


Green technological innovation is a technological innovation involving green products and green processes [31]. It not only brings economic benefits to enterprises and consumers, but also embodies the concept of green development [32], as an important driving force for the transformation and upgrading of economic structure, high-quality development, and sustainable development. Through digital transformation, enterprises can use digital technology to improve the market innovation environment, reduce innovation costs, and break the restrictions of time and space, so as to effectively improve innovation efficiency. First, digital technology can help accelerate the transmission of innovation information, improve the openness and transparency of the innovation ecosystem, and build a more inclusive and open innovation environment, thus promoting the progress of green technology innovation. Second, digital development enables core innovation elements such as knowledge and talents to circulate more quickly, improves the matching efficiency between innovation subjects and innovation elements, reduces search costs and coordination costs, and promotes the popularization and promotion of green technology.



Enterprises can transform traditional business processes and operational models into digital production and management models through digital transformation. Digital transformation can enable enterprises to monitor and manage resources more efficiently, optimize production processes, reduce energy consumption and waste generation, thereby promoting green technology innovation. The digital economy emphasizes open cooperation, and enterprises can collaborate with other enterprises, research institutions, and government departments to jointly promote green technology innovation. The digital economy provides new business models for enterprises, which can encourage them to provide more sustainable products and services, thereby promoting green technology innovation. In terms of energy conservation and emission reduction, green technology innovation optimizes the production process, scientifically allocates the use of production materials, and achieves the growth of enterprise profits and reduces energy waste and carbon emissions while keeping the total amount of production factors unchanged. In addition, green technology innovation can provide rich technological sources and research and development reserves for the development of the digital economy, provide the best products and services with minimal resource consumption, promote the reduction in unit carbon emission intensity, and promote the process of carbon reduction. It can also improve the marginal efficiency of digital production factors, maximize the substitution of fossil fuels with non-fossil fuels, and reduce carbon emission levels [33]. In addition, green technology innovation promotes the high-quality development of the industry by promoting the upgrading of the industrial structure, and produces greater social and economic benefits, which is conducive to the government to strengthen pollutant emission control, ecological environment protection and social welfare investment, and creates conditions for carbon emission reduction. Therefore, this paper puts forward the following assumptions:



Hypothesis 2.

Under the equal conditions of other conditions, digital transformation will promote green technology innovation through green technology innovation.








3. Methods and Data


3.1. Extended STIRPAT Model


The STIRPAT(Stochastic Impacts by Regression on Population, Affluence, and Technology) model is a variation of the IPAT model proposed by Ehrlich and Holdren [34]. With the deepening of research, people gradually found that the IPAT model has some problems, such as multicollinearity between variables and the inability to take into account the impact of human factors on the environment. To solve these problems, Dietz [35] proposed the STIRPAT model in 1997. The main difference between this model and the IPAT model is that the STIRPAT model introduces exponential variables, which can better deal with the influence of human factors. The general STIRPAT model is described as follows:


  I i t = α ×   P   i t   θ   ×   A   i t   γ   ×   T   i t   η   ×   ε   i t    



(1)




where   I   stands for environmental impact or environmental load.   P  ,   A  , and   T   are population size, regional per capita affluence, and overall regional technical level, respectively.   θ  ,    γ  , and   η   represent the estimated parameters of   P  ,    A  , and   T  .   i  ,    t  ,    α  , and   ε   are the region, time, constant term, and random error term, respectively. In order to eliminate the volatility in the time series and overcome its heteroscedasticity, logarithms of both ends of Equation (1) are taken as follows:


    ln  ⁡  I i t   =   ln  ⁡  α   + θ   ln  ⁡    P   i t     + γ   ln  ⁡    A   i t     + η   ln  ⁡    T   i t     +   ln  ⁡    ε   i t      



(2)







The STIRPAT model’s impact factors are extended to consider various influencing factors of carbon emission as comprehensively as possible. Specifically, environmental pressure (I) is expressed in terms of carbon emissions (C) of our manufacturing enterprises. The technical level (T) is expressed by the digital transformation level of manufacturing enterprises (dig). By reading literature and referring to previous studies of scholars, this paper selects five indicators of enterprise size (size), asset−liability ratio (lev), equity concentration (cr), equity liquidity (lp), and enterprise management level (manage) as control variables. The basic model is established as follows:


    ln  ⁡    C   i t     =   ln  ⁡  α   + β   ln  ⁡    d i g   i t     + θ   ln  ⁡    s i z e   i t     + λ   ln  ⁡    l e v   i t     + δ   ln  ⁡    c r   i t     + γ   ln  ⁡    l p   i t     + φ   ln  ⁡    m a n a g e   i t     +   ln  ⁡    ε   i t      



(3)







Among them,     ln  ⁡  C    ,     ln  ⁡  d i g    ,     ln  ⁡  s i z e    ,     ln  ⁡  l e v    ,     ln  ⁡  c r    ,     ln  ⁡  l p    ,     ln  ⁡  m a n a g e   ,   respectively represent carbon emission, digital transformation level, enterprise scale, asset−liability ratio, equity concentration, equity liquidity, and enterprise management level.   β  ,   θ  ,   λ  ,   δ  ,   γ , φ   are all estimated parameters. The other symbols have the same meaning as Equation (2).




3.2. Mediation Model


In order to test the mechanism of digital transformation on low-carbon development, namely, whether green technology innovation is the mediator of the two, this paper sets a mediating model between digital transformation and carbon emission, as shown in Equations (4)–(6).


    ln  ⁡    C   i t     = a   ln  ⁡    d i g   i t     +     ∑   n     k = 1     θ   k   l n   X   i t   +   e   1    



(4)






    ln  ⁡    g t i   i t     = b   ln  ⁡    d i g   i t     +     ∑   n     k = 1     θ   k   l n   X   i t   +   e   2    



(5)






    ln  ⁡    C   i t     = c   ln  ⁡    d i g   i t     + d   ln  ⁡    g t i   i t     +     ∑   n     k = 1     θ   k   l n   X   i t   +   e   3    



(6)







If   c   and   d   are significant, this indicates that there is an intermediary effect; otherwise, there is no intermediary effect.




3.3. Panel Threshold-STIRPAT Model


Hansen [36] first proposed a threshold model to describe the correlation of jump or structural fracture between different variables. This study hopes to verify the nonlinear characteristics of the application of enterprise digital technology on the reduction in carbon dioxide emissions from the perspective of green technology innovation. We build a panel threshold model and the model is as follows:


    ln  ⁡    C   i t     =   ln  ⁡  α   +   β   1     ln  ⁡    d i g   i t     I ·     ln  ⁡    g t i   i t     ≤ γ   +   β   2     ln  ⁡    d i g   i t     I ·     ln  ⁡    g t i   i t     > γ   +   ∑  m = 1   n      θ   m       ln  ⁡    X   i t     +   ln  ⁡    ε   i t        



(7)







    ln  ⁡    X   i t       represents a series of control variables, consisting of     ln  ⁡  s i z e    ,     ln  ⁡  l e v    ,     ln  ⁡  c r    ,     ln  ⁡  l p    ,     ln  ⁡  m a n a g e    .   γ   is a threshold.     β   1    ,     β   2    , and     θ   m     are estimated parameters. The other symbols have the same meaning as Equation (3).




3.4. Variables and Data


3.4.1. Explained Variable


When assessing the carbon emission level of enterprises, China’s current legal system does not require enterprises to disclose carbon emission information. Therefore, we found that only a few enterprises would voluntarily disclose carbon emission data in their annual reports. Due to the limited availability of enterprise data, we refer to the research methods of Shen et al. [37]. This method calculates carbon emissions according to the operating costs of enterprises. The specific calculation method is shown in Equation (8).


    C O   2   E m i s s i o n s =   O p e r a t i n g   C o s t s   o f   t h e   E n t e r p r i s e   O p e r a t i n g   C o s t s   o f   t h e   I n d u s t r y   × I n d u s t r i a l     C O   2     E m i s s i o n s  



(8)








3.4.2. Explanatory Variable


With the wide application of text big data in the field of economy and finance, literature research in recent years has begun to use text analysis to describe the degree of digitalization of enterprises. Compared with other methods, text analysis can comprehensively reflect the degree of digital transformation of micro enterprises, and has a high reference value [38]. Based on the practice of Wu et al. [39], using semantic expressions of national policies related to the digital economy and text analysis, we construct digital transformation indicators reflecting China’s listed manufacturing enterprises.




3.4.3. Mediating Variable and Threshold Variable


This paper uses the research methods of Qi et al. [40] and Li and Xiao [41] for reference. This article uses the number of green patent applications by enterprises as a proxy variable for their level of green innovation. This method can accurately reflect the level of green technology innovation of enterprises, and is of great significance for evaluating the relationship between digital transformation and carbon emissions.




3.4.4. Control Variable


Based on previous studies, this paper selects variables related to the corporate characteristics for control. Their impact on enterprise carbon emission levels may have the following reasons: The first is the enterprise scale (size), which refers to the total assets of the enterprise in that year. The larger the enterprise, the greater the carbon emissions it produces. The second is the asset−liability ratio (lev), namely, the proportion of the total liabilities of the enterprise in its total assets. Higher debt may limit a company’s contribution to carbon reduction. In addition, ownership concentration (cr) represents the shareholding ratio of the largest shareholder. It reflects the concentration of power structure within the company, which may have a significant impact on the business strategy, management mode, and environmental responsibility of the enterprise. Equity liquidity (lq) represents the shareholding ratio of the top 10 shareholders. It reflects the transfer and reallocation of interests among shareholders, and may also directly affect the strategic direction and business priorities of enterprises. Finally, the level of enterprise management (manage), which is related to the ratio between management expenses and main business income. When formulating development strategies and resource allocation plans, enterprises usually consider the impact of environmental factors. The difference in management expense rates among different enterprises reflects their different characteristics in management and operation. The selection of these control variables can better help us accurately estimate the real impact of the variables of concern.



The above-mentioned main variables are defined in Table 1.





3.5. Data Sources


Considering the relatively large sample size and long listing time of manufacturing listed companies, as well as the abundant and complete data available in relevant annual reports, this article selects manufacturing listed companies on the Shanghai and Shenzhen A-shares from 2013 to 2021 as the research object and conducts the following data processing steps: first, the samples with special processing such as ST and PT are excluded; second, the samples with serious missing variables are eliminated; third, discontinuous variables are treated with Winsor tails on both sides reduced by 1%. After processing, this paper finally sorted out 9194 groups of sample data of 1900 enterprises. The data used in this paper at the enterprise level mainly come from the CSMAR database, which involves downloading and processing annual report data from the official websites of the Shenzhen Stock Exchange and Shanghai Stock Exchange. Industry and regional level data are sourced from the China Industrial Statistical Yearbook, China Statistical Yearbook, and China Regional Statistical Yearbook.



We estimate corporate carbon emissions using industry carbon emissions based on the proportion of operating costs. The industry’s carbon emissions are taken from the China Carbon Emission Accounts and Datasets (CEADS). The cost data of the industry’s main business are taken from the China Industrial Statistical Yearbook. In measuring enterprise digital transformation, we construct a digital terminology dictionary for enterprises, and use Python word segmentation processing technology and manual recognition methods to summarize and organize keywords related to digital transformation; second, we match the text content in the “Management Discussion and Analysis” (MD&A) section of the annual reports of listed companies from 2013 to 2021 with the keywords in the digital transformation terminology dictionary, count the frequency of relevant words, and construct the listed company annual variables; finally, we construct digital transformation indicators. The larger the total number of digitalization related vocabulary in the MD&A annual report of a company, the higher its level of digital transformation. To measure the level of green technology innovation in enterprises, we obtain the patent classification number information of invention patents and utility model patents of listed companies from the China Research Data Service Platform (CNRDS), and then match it with the “International Patent Classification Green List” published by the World Intellectual Property Organization (WIPO). Based on the association results, the patents of listed companies are divided into two categories: green patents (green invention patents and green utility model patents) and non-green patents (non-green invention patents and non-green utility model patents). The data processing software used was Stata 16.0.



According to Table 2, the explanatory variables range from 0 to 4.431, with an average of 1.197, indicating that there are significant differences in the degree of digital transformation between different enterprises. In terms of green technology innovation, the variable range is 0~3.912, with an average value of 0.478, indicating that enterprises’ green technology is generally in the primary stage, and there is a gap in the promotion effect of green technology among different enterprises. From the perspective of the explained variable, the sample value is between 0.100 and 9.066, with an average of 2.859, indicating that China’s manufacturing enterprises still have a large amount of room for emission reduction.





4. Results


4.1. Impact of Digital Transformation on Carbon Emissions


Using Formula (3), we build a panel regression model to explore the relationship between the variables, so as to prove that the digital transformation of manufacturing industry does have a significant impact on carbon emissions. Combined with the Hausman test results, chi2 (6) = 504.50 and p = 0.0000, the fixed effect was selected for analysis. According to the results of model (1) in Table 3, at the 1% level, every 1% increase in the degree of digital transformation will significantly reduce carbon emissions by 0.103%. In addition, the size of an enterprise reflects its business volume and scope of activities. The larger the size of an enterprise, the greater the amount of carbon dioxide it emits into the ecological environment. The higher the asset−liability ratio of enterprises, the greater the constraints and pressures on capital and resources, and the level of carbon emissions of enterprises will rise accordingly. Therefore, enterprises may pay more attention to short-term economic benefits; therefore, they prefer to adopt high energy consumption and high emission production methods in the production process to reduce costs. At the same time, the high asset−liability ratio will also affect the business strategy and investment decisions of enterprises, so that enterprises in the field of environmental protection investment and attention are relatively less. The largest shareholder has a strong voice in the enterprise, which may mean that other major shareholders or minority shareholders have a relatively weak influence on enterprise decision-making. This may lead to the lack of sufficient checks and balances and supervision in the carbon emission decisions of enterprises, increasing the possibility of high carbon emissions of enterprises. The higher equity liquidity reflects the instability of the ownership structure of manufacturing enterprises and the short-term investment behavior of investors. Since investors hold enterprises for a short time, they may pay more attention to the short-term performance of enterprises, and managers ignore the application of green production mode. A higher overhead rate may mean that a company has invested more resources in management, including human, material and financial resources, to improve its operational efficiency and reduce the inappropriate use of resources through refined management.




4.2. Mediating Effect of Green Technology Innovation


We tested model (4), model (5), and model (6) using the Hausmann test. The statistical values of Chi2 (6) in the model were 504.50, 127.07, and 354.95, respectively, with a p value of 0.0000. These results show that models (4) to (6) are more suitable for fixed effects.



See Table 4 for the mediation effect analysis results. According to model (4), for every 1% increase in the degree of digital transformation of enterprises, their carbon emissions will be reduced by 0.103%. Model (5) points out that the level of green technology innovation will increase by 0.023% for every 1% increase in the degree of enterprise digital transformation. The results of model (6) show that the regression coefficients of enterprise digital transformation and green technology innovation are significant at the level of 1%, which are −0.103 and −0.033, respectively. The existence of mediating effect is explained.




4.3. Threshold Effect Analysis of Green Technology Innovation


We choose green technology innovation as the threshold variable. According to the results in Table 5, we can know that there is a single threshold effect.



The analysis results of threshold effect can be seen in Table 6. When the level of green technology innovation is lower than 0.693, the carbon emissions of enterprises will be significantly reduced by 0.097% for every 1% increase in the degree of digitalization. This shows that enterprises may lack sufficient technical means to effectively use digital transformation to reduce carbon emissions. Enterprises tend to invest resources to expand production and reduce costs, while ignoring environmental protection and sustainable development. When the level of green technology innovation of enterprises is greater than 0.693, carbon emissions will be reduced by 0.108% for every 1% increase in the degree of digitalization of enterprises, both of which are significant at the 99% confidence level. This shows that when the threshold is reached, enterprises begin to pay attention to environmental protection and sustainable development, and invest more resources in digital transformation and green development to reduce carbon emissions. When the threshold value is exceeded, its effect on reducing carbon emissions is significantly enhanced.




4.4. Heterogeneity Analysis


According to the results of Table 7, we draw the following conclusions. First, both can effectively reduce carbon emissions of enterprises by using digital technology. Second, the emission reduction effect of state-owned enterprises is more obvious. The main reasons for this conclusion may be as follows: First, from the perspective of input cost and transformation difficulty, state-owned enterprises have advantages in capital, technology and resources, etc., and are easier to invest in digital transformation, and achieve emission reduction by optimizing production processes and improving energy efficiency. Non-state-owned enterprises may face capital, technology and resource constraints, and the transition is relatively difficult; therefore, the emission reduction effect may be relatively weak. Second, from the perspective of industrial structure, state-owned enterprises usually have a relatively complete industrial chain and a high degree of industrial concentration. The application of digital technology improves their production efficiency, makes resource allocation more reasonable, and reduces environmental pollution. However, non-state-owned enterprises may have problems such as single industrial structure and imperfect industrial chain, and the impact of digital transformation on their emission reduction effect may be relatively small. Third, considering the situation of energy consumption, most state-owned enterprises belong to the heavy industry with large energy consumption and carbon emissions. Through digital transformation, its energy consumption and carbon emission structure can be improved, so as to improve energy efficiency and enhance emission reduction effect. However, non-state-owned enterprises are mainly concentrated in the field of light industry, and their energy consumption and carbon emissions are relatively low. Therefore, the impact on non-state-owned enterprises may be relatively weak.




4.5. Robustness Test


4.5.1. Robustness Test of the Benchmark Model


Previous research [42,43] pointed out that the estimation method of alternative indicators or changes is a common means of robustness testing. Referring to the research of Yuan et al. [44], a new method is used to measure the degree of digital transformation. In addition, considering that there may be endogenous problems, this paper uses the two-stage least squares (2SLS) instrumental variable method to deal with the possible endogenous problems in the empirical research. Based on the practice of Xiao et al. [45], by observing the average digitization degree of other manufacturing enterprises in the same year except for the sample, this paper uses it as a tool variable to improve the accuracy of the results, and fully overcomes its endogeneity. In the first stage, the model regression tests the correlation between the digitalization degree of the same industry and the digitalization degree of the enterprise. The study found that the average digitalization degree of the same industry in the same year had a great correlation with the digitalization of enterprises, but there was no direct logical correlation with the explained variables, indicating that the selected tool variables performed well. In the results of the second stage regression model, the difference between the values of model (3) and model (1) is very small in Table 3, and there is still a significant emission reduction effect.




4.5.2. Robustness Test of the Mediating Effect


In order to make the result more reliable, we verified whether the mediating effect still exists by observing the sum of the number of green patents granted by enterprises in that year (lngti_1). According to the results of model (7) and model (8) in Table 4, the results are still good, and the role of mediator still exists.




4.5.3. Robustness Test of the Threshold Effect


In order to verify its robustness, the total number of green patents authorized by the enterprise in the current year (lngti_1) is selected as an alternative variable. Model (11) in Table 6 reports the re-estimated regression results. The coefficient changes a little, and there is no significant difference. Therefore, the results of panel threshold regression are reliable.






5. Discussion


This study not only enriches the exploration of the development path of the future manufacturing industry, but also provides reference for the green development of other industries.



First of all, we used the relevant data of Chinese listed manufacturing enterprises from 2013 to 2021. Through the analysis of the benchmark model, the results show that the digital transformation has significantly reduced the carbon dioxide emissions generated by enterprises in production and business activities. The H1 hypothesis is well verified. The results are consistent with the conclusions of Si et al. [46]. This discovery once again confirms the view advocated by Xu et al., namely, through the digital transformation strategy, ecological management innovation can be optimized, so as to enhance the ability of sustainable development [47]. The possible reasons are, first of all, that enterprises update technology and equipment, optimize production processes, and improve production efficiency [48]. Second, enterprises optimize the energy structure, manage and control energy use more accurately, improve energy utilization efficiency, and reduce unnecessary energy waste [49]. In addition, enterprises use advanced technology to promote the reform of enterprise management and business model, solve the problem of sustainable development, and realize the harmonious coexistence of economy and ecology [50]. Currently, in order to achieve the transformation of new and old industrial kinetic energy towards digitization, networking, and intelligence, it is not enough to only achieve automation of machinery and equipment. It is also necessary to use digital twins and other methods to enable machines to accurately perceive, control, collaborate, arrange automatically, and make autonomous decisions. Enterprises can make a bigger impact by achieving their sustainable development goals.



Second, the mediating effect of green technology innovation exists and plays a role that cannot be ignored. The digital transformation of enterprises achieves the emission reduction goal through green technology innovation [38]. The mechanism of its action is further studied. In the process of digital development, enterprises integrate social responsibility into their own operation and development, improve information transparency, reduce financing pressure, and increase R&D efforts [51]. Moreover, in the enterprise green technology innovation activities, enterprise digitalization exerts the knowledge sharing effect and resource effect, and significantly improves the production efficiency of enterprises [46]. Intelligent technology can enable enterprises to respond to market changes faster and give good strategies to improve service levels. In addition, digital transformation provides a new starting point for enterprises’ green technology innovation, and the digital supply chain management system also provides a strong guarantee for enterprises’ comprehensive improvement in green technology innovation.



In addition, regression through the panel threshold model shows that the enterprise digital transformation and carbon emissions have a significant negative nonlinear relationship of “diminishing marginal effect”, and the Hypothesis 2 is well verified. By integrating these three key elements, this paper emphasizes the important role of green technology innovation. It breaks the one sidedness of previous studies and enriches the situational research on how the digital transformation of enterprises affects carbon emission reduction. From the perspective of reasons, first, the level of digital technology is low and has not yet formed a large-scale development trend. It is difficult to obtain and transmit green knowledge, technology, and other information, which is not conducive to green technology innovation. With the deepening of the transformation, the construction of digital infrastructure is more perfect, and there are more channels to obtain green technology and knowledge, which is conducive to the improvement of the level of green technology innovation. When it reaches a certain level, the channels for enterprises to acquire knowledge, information, and various resources tend to be improved, and the scale effect is more and more significant. In this process, the carbon emission reduction effect shows a gradual upward trend. Second, under the guidance of green technology innovation, enterprises use information technology to transform to a more environmentally friendly and efficient production mode, thereby reducing energy consumption and carbon emissions. Third, with the progress of green technology, enterprises gradually improve resource utilization efficiency and optimize energy consumption structure in the process of digital transformation, so as to reduce their carbon footprint.



There are some deficiencies worth further discussion in this paper. First of all, this paper only analyzes China’s manufacturing industry. There may be different conclusions for other sectors, and it is still worth exploring in the future. In the future research, we should horizontally compare the carbon emission reduction models of enterprises in different industries to enrich the content of related fields. Second, the digital transformation of enterprises and the development of carbon emissions are affected by the national economic development environment, government policy guidance, industrial structure and other factors, which cannot be ignored. However, this paper does not involve the specific role of the macro policy environment on the relationship between the two. Finally, we only use the data of listed companies, not non-listed companies, which may affect the accuracy of the study.




6. Conclusions and Recommendations


6.1. Conclusions


This paper starts with the optimization of resource allocation brought by digital transformation, and demonstrates in detail the theoretical mechanism of enterprise digital transformation to promote carbon emission reduction from the perspective of green technology progress. Based on the panel data of Chinese manufacturing enterprises, this paper uses fixed effect model, intermediary effect model, and panel threshold model to make a multi-dimensional empirical test of the impact of digital transformation on carbon emissions. The study found the following: first, digital transformation has an important role in promoting the reduction in carbon emissions, and after a series of robustness tests, this trend is still applicable. Second, the mechanism test shows that green technology innovation plays a positive intermediary effect in the impact of digital transformation on low-carbon development of enterprises. Green technology innovation has become an important way for digital technology innovation to promote carbon emission reduction. Third, the threshold effect test found that when taking green technology innovation as the threshold variable, digital transformation has a significant single threshold effect on the low-carbon development of enterprises. When the explained variable is enterprise carbon emissions, and when the level of green technology innovation is lower than 0.693, the marginal impact is −0.097. When green technology innovation exceeds this threshold, the marginal impact will reach −0.108. Fourth, heterogeneity analysis shows that among enterprises of different nature, the impact of digital transformation on carbon emission reduction in state-owned enterprises is more significant.




6.2. Recommendations


First, actively building high-quality network relationships and improving the external ecosystem of digital transformation. Small- and medium-sized enterprises should actively respond to and deeply participate in the “cloud based digital empowerment” action, strengthen communication and interaction with the government, customers, and suppliers, timely obtain innovative resources and key information for digital transformation, and accelerate digital innovation of products and services; continuously deepen cooperation with leading enterprises in the industry, such as leading enterprises, large platform enterprises, and digital transformation service enterprises, and work together through various paths such as government market collaboration, upstream and downstream integration of the industrial chain, and leading enterprises to promote high-quality digital transformation. Relevant departments should actively take economic measures such as capital subsidies, tax cuts, and loan support to boost enterprise confidence and guide enterprises to accelerate the strategic layout of advanced intelligent manufacturing industry. We will improve our ability to support industrial development, accelerate the system construction of intelligent manufacturing, and realize the transformation from “made in China” to “intelligent manufacturing in China”. Through intelligent manufacturing, quality management can be strengthened. We should make Chinese products go global while meeting the internal circulation, especially to countries along the “belt and road”. Therefore, we should explore the market through intelligent manufacturing.



Second, strengthen the promotion of digital transformation theory and technology, as well as excellent demonstration cases. Although many manufacturing companies currently have some understanding of digital transformation, they are more limited to operational digital transformation such as office automation, and their understanding of the digitalization of the entire organizational system is not deep enough. It is suggested to organize institutions such as universities and research institutes to provide more theoretical guidance to enterprises, including not only the basic theory of digital transformation throughout the entire production, operation, sales and other processes of the enterprise, but also to enable enterprises to learn and think about how to carry out digital transformation and upgrading in various stages based on their own industry characteristics. At the same time, we can also increase the promotion of benchmark intelligent factory cases, such as regularly organizing enterprises to visit and learn from excellent demonstration bases of intelligent factories, and organizing digital transformation forums and learning activities regularly by chambers of commerce, industry associations, etc.



Third, attach importance to green technology innovation, increase investment in green technology research and development, and improve the overall innovation ability. Additionally, establish an innovation exchange platform, promote the cooperation and exchange of relevant departments such as production, education and scientific research, jointly solve development problems, promote the intelligent transformation of green technology, promote digital green production platforms such as the green product design system, green manufacturing decision-making system, and green product recycling system, and promote the manufacturing industry to achieve better quality and efficiency. Innovative design is also an important way to drive green technology innovation. The realization of innovative design is mainly reflected in three aspects: material, process, and design. Compared with general design, innovative design emphasizes the essential changes with the original product in one or more innovative elements such as new principles, new functions, new mechanisms, new structures, new appearances, new materials or new processes. It fully embodies the green characteristics, can meet the new needs of users or the market, and win in the market competition.



Fourth, continue to improve the whole value chain of the enterprise under the guidance of high-quality development. Enterprises can introduce a complete lean digital management system to make up for their shortcomings in manufacturing, procurement, research and development, logistics supply chain, strategy and other aspects through lean improvement, so as to enhance their comprehensive competitiveness. Through the improvement of process, the past labor-intensive process will be transformed into an automated, digital and intelligent process, which requires the reconstruction, reorganization, optimization, and improvement of the original process composition to make the process more optimized and meet the needs of the development of manufacturing industry. Enterprises should formulate targeted strategies, realize the integration of industrialization and informatization, and make the development of enterprises more stable and sustainable.



Finally, we should speed up the training of digital interdisciplinary talents. We should promote the top leaders of enterprises to change their ideas, strengthen the training of digital transformation talents, and cultivate high-quality digital transformation talents according to different needs. We can provide technical guidance for the digital transformation of enterprises and cultivate more excellent talents for the construction of the manufacturing industry by carrying out investigations at home and abroad and strengthening cooperative training. It is necessary to establish a dynamic monitoring mechanism for global high-level talents in the “double carbon” key fields, so as to provide decision-making reference for the targeted introduction and independent cultivation of “double carbon” scientific and technological talents;China will strengthen the training of interdisciplinary scientific and technological talents who meet the “double carbon” standard and expand China’s influence on the international standard platform.
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Table 1. Definition and measurement of variables.






Table 1. Definition and measurement of variables.





	

	
Symbol

	
Variable

	
Measurement






	
Explained variable

	
C

	
carbon emission

	
Carbon emissions per unit of operating income




	
Explanatory variable

	
dig

	
digital transformation

	
Digital word frequency in enterprise annual reports




	
Mediating variable and threshold variable

	
gti

	
green technology innovation

	
The count of green invention patents, increased by one




	
Control variable

	
size

	
enterprise scale

	
The total assets of the enterprise in that year




	
lev

	
Asset−liability ratio

	
Total business liabilities/total assets




	
cr

	
ownership concentration

	
Shareholding ratio of the largest shareholder




	
lp

	
Equity liquidity

	
Shareholding ratio of the top 10 shareholders




	
manage

	
enterprise management

	
Management expense/main business income











 





Table 2. Descriptive statistics of variables.






Table 2. Descriptive statistics of variables.





	Variable
	Mean
	Standard Deviation
	Minimum
	Maximum
	Observations





	lnC
	2.859
	2.192
	0.100
	9.066
	9194



	lndig
	1.177
	1.200
	0.000
	4.431
	9194



	lngti
	0.478
	0.888
	0.000
	3.912
	9194



	lnsize
	22.130
	1.186
	20.014
	25.690
	9172



	lnlev
	−1.065
	0.595
	−2.898
	−0.080
	9172



	lncr
	−1.188
	0.444
	−2.410
	−0.339
	9194



	lnlp
	−0.589
	0.276
	−1.455
	−0.125
	9194



	lnmanage
	−2.643
	0.665
	−4.540
	−0.987
	9194










 





Table 3. Regression results of benchmark model and their robustness tests.






Table 3. Regression results of benchmark model and their robustness tests.





	
Variable

	
Model (1) FE

	
Model (2) FE

	
Model (3) 2SLS






	
lndig

	
−0.103 ***

	
−0.187 ***

	
−1.171 ***




	
(−12.58)

	
(−12.29)

	
(−17.58)




	
lnsize

	
0.198 ***

	
0.181 ***

	
0.811 ***




	
(12.31)

	
(11.45)

	
(17.07)




	
lnlev

	
0.125 ***

	
0.128 ***

	
0.035




	
(6.10)

	
(6.18)

	
(0.94)




	
lncr

	
0.310 ***

	
0.320 ***

	
0.048




	
(8.65)

	
(8.87)

	
(−0.69)




	
lnlp

	
0.197 ***

	
0.192 ***

	
0.192




	
(4.03)

	
(3.88)

	
(−0.07)




	
lnmanage

	
−0.138 ***

	
−0.136 ***

	
−0.283 ***




	
(−8.86)

	
(−8.67)

	
(−9.50)




	
Constant

	
−1.139 ***

	
−0.727 **

	
−14.481 **




	
(−3.31)

	
(−2.15)

	
(−14.09)




	
Obs

	
9172

	
9072

	
9161




	
R-sq

	
0.083

	
0.078

	
0.078




	
Instrumental variable

	
−

	
−

	
lndig_1




	
F statistics

	
58.36 ***

	
55.43 ***

	
17.08 ***








Note: The t or z values are in parentheses; ** p < 0.05, *** p < 0.01.













 





Table 4. Regression results of mediating effect.






Table 4. Regression results of mediating effect.





	
Variable

	
DEPVAR = lnC

	
DEPVAR = lngti

	
DEPVAR = lnC

	
DEPVAR = lngti_1

	
DEPVAR = lnC




	

	
Model (4)

	
Model (5)

	
Model (6)

	
Model (7)

	
Model (8)






	
lndig

	
−0.103 ***

	
0.023 ***

	
−0.103 ***

	
0.018 ***

	
−0.103 ***




	
(−12.58)

	
(2.67)

	
(−12.49)

	
(2.57)

	
(−12.49)




	
lngti

	
−

	
−

	
−0.033 ***

	
−

	
−




	
(−2.94)




	
lngti_1

	
−

	
−

	
−

	
−

	
−0.043 ***




	
(−3.15)




	
lnsize

	
0.198 ***

	
0.099 ***

	
0.201 ***

	
0.089 ***

	
0.201 ***




	
(12.31)

	
(12.31)

	
(12.49)

	
(6.46)

	
(12.52)




	
lnlev

	
0.125 ***

	
−0.036 *

	
0.124 ***

	
−0.145

	
0.125 ***




	
(6.10)

	
(−1.68)

	
(6.05)

	
(−0.82)

	
(6.08)




	
lncr

	
0.310 ***

	
−0.30

	
0.309 ***

	
−0.474

	
0.308 ***




	
(8.65)

	
(−0.78)

	
(8.65)

	
(−1.54)

	
(8.59)




	
lnlp

	
0.197 ***

	
−0.137 ***

	
0.192 ***

	
−0.060

	
0.194 ***




	
(4.03)

	
(−2.66)

	
(3.94)

	
(−1.43)

	
(3.98)




	
lnmanage

	
−0.138 ***

	
−0.105 ***

	
−0.142 ***

	
−0.036 ***

	
−0.140 ***




	
(−8.86)

	
(−6.39)

	
(−9.06)

	
(−2.71)

	
(−8.96)




	
Constant

	
−1.139 ***

	
−2.161 ***

	
−1.210 ***

	
−1.822 ***

	
−1.217 ***




	
(−3.31)

	
(−5.98)

	
(−3.51)

	
(−6.16)

	
(−3.53)




	
Obs

	
9172

	
9172

	
9172

	
9172

	
9172




	
R-sq

	
0.083

	
0.026

	
0.080

	
0.019

	
0.080




	
F statistics

	
58.36 ***

	
10.36 ***

	
57.87 ***

	
11.24 ***

	
57.82 ***








Note: The t or z values are in parentheses; * p < 0.1, *** p < 0.01.













 





Table 5. Results of the threshold effect significance test.






Table 5. Results of the threshold effect significance test.





	Models
	Threshold Estimates
	F Value
	p Value
	1%
	5%
	10%
	95% Confidence Interval





	Single-threshold
	0.693
	24.13
	0.000
	14.010
	8.806
	7.278
	[0.000, 1.099]



	Double-threshold
	1.792
	5.42
	0.216
	21.063
	10.600
	7.507
	[0.805, 1.946]







Notes: bootstrap = 500, seed = 1,234,567.













 





Table 6. Panel threshold regression results and their robustness tests.






Table 6. Panel threshold regression results and their robustness tests.





	
Variable

	
Model (10)

	
Variable

	
Model (11)






	
lndig(lngti ≤ 0.693)

	
−0.097 ***

	
lndig(lngti ≤ 0.693)

	
−0.100 ***




	
(−7.85)

	
(−7.61)




	
lndig(lngti > 0.693)

	
−0.108 ***

	
lndig(lngti > 0.693)

	
−0.108 ***




	
(−8.28)

	
(−8.12)




	
lnsize

	
0.240 ***

	
lnsize

	
0.261 ***




	
(10.65)

	
(10.81)




	
lnlev

	
0.103 ***

	
lnlev

	
0.083 **




	
(3.08)

	
(2.33)




	
lncr

	
0.387 ***

	
lncr

	
0.352 ***




	
(7.66)

	
(6.53)




	
lnlp

	
0.225 ***

	
lnlp

	
0.236 ***




	
(3.17)

	
(3.14)




	
lnmanage

	
−0.122 ***

	
lnmanage

	
−0.089 ***




	
(−5.36)

	
(−3.73)




	
Constant

	
−1.946 ***

	
Constant

	
−2.362 ***




	
(−3.99)

	
(0.522)




	
Obs

	
9172

	
Obs

	
9172




	
R-sq

	
0.092

	
R-sq

	
0.084




	
F statistics

	
70.37 ***

	
F statistics

	
70.13 ***








Note: t statistics in parentheses, ** p < 0.05, *** p < 0.01, bootstrap = 500, seed = 1,234,567.













 





Table 7. Heterogeneity test.






Table 7. Heterogeneity test.





	
Variable

	
State-Owned

	
Variable

	
Non-State-Owned






	
lndig

	
−0.172 ***

	
lndig

	
−0.059 ***




	
(−10.97)

	
(−6.41)




	
lnsize

	
0.331 ***

	
lnsize

	
0.073 ***




	
(11.11)

	
(3.84)




	
lnlev

	
0.295 ***

	
lnlev

	
0.083 **




	
(6.11)

	
(4.56)




	
lncr

	
0.341 ***

	
lncr

	
0.236 ***




	
(−5.59)

	
(5.63)




	
lnlp

	
0.224 **

	
lnlp

	
0.167 ***




	
(2.54)

	
(2.88)




	
lnmanage

	
−0.154 ***

	
lnmanage

	
−0.103 ***




	
(−5.59)

	
(−5.60)




	
Constant

	
−3.181 ***

	
Constant

	
1.117 ***




	
(−4.73)

	
(2.81)




	
Obs

	
2976

	
Obs

	
6196




	
R-sq

	
0.153

	
R-sq

	
0.037




	
F statistics

	
70.89 ***

	
F statistics

	
54.15 ***








Note: t statistics in parentheses, ** p < 0.05, *** p < 0.01.
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