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China has significantly increased its foreign direct investment (FDI). Although these investments help to boost global development, their impacts on the environment are still controversial and deserve careful investigation. This paper uses the super-efficiency SBM model to measure the green total factor productivity (GTFP) of 123 host countries of China’s FDI. On this basis, we adopt the two-step system GMM and dynamic panel threshold effect model to analyze the impact of China’s FDI on the GTFP of host countries. The research results show that: 1) The impact of China’s FDI on the GTFP of host countries is mainly through green technology efficiency. Its impact is inhibitory, followed by a promotional one, with the latter being significantly larger than the former. 2) There is no evidence of the “pollution haven effect” associated with China’s FDI. In fact, for countries with lower environmental regulations, China’s FDI promotes the growth of GTFP more effectively. 3) The innovation level of host countries moderates the relationship between China’s FDI and GTFP growth. For host countries with stronger innovation level, their GTFP growth can be enhanced to a greater extent by China’s FDI.
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1 INTRODUCTION
In the era of globalization, China’s rapidly growing FDI has emerged as a dominant force in international investment. According to the World Investment Report 2023, issued by the United Nations Conference on Trade and Development, China’s outward FDI flow reached US$1.5 trillion, with its year-end stock of US$39.9 trillion in 2022, ranking second and third respectively in the world. China’s FDI spans a wide range of regions and economic environments, exerting far-reaching influence on the world. Meanwhile, increasing attention has been paid to the impact of China’s FDI on global environment in the context of the current challenges posed by climate and environmental issues.
China’s FDI is characterized not only by its rapidly growing scale, but also by the diverse investment fields. As illustrated in Figure 1, a significant portion of China’s FDI has flowed into industries of energy, transport, and mining. The construction and operation of these projects tend to consume large quantities of iron, steel, cement as well as fossil energy, generating substantial carbon dioxide and pollutant emissions (Lu et al., 2010; Danish et al., 2018). All these problems mentioned have raised concerns about carbon emissions and environmental degradation in China’s FDI host countries (Oladipupo and Ajide, 2023). Some critics argue that China’s FDI activities, particularly those directed toward less developed countries, aim to seek “pollution havens,” whereby domestic pollution is transferred to other countries (Mahadevan and Sun, 2020; Gallagher and Qi, 2021). Nevertheless, Chinese authorities have stated that China remains committed to fortifying international collaboration on environmental protection and carbon emission reduction, with the aim of actively promoting the green and sustainable development of FDI host countries. Consequently, it is of paramount importance to study the impact of China’s FDI on the green total factor productivity (GTFP) of host countries and to investigate whether there is a “pollution haven effect” associated with China’s FDI.
[image: Figure 1]FIGURE 1 | Scatterplot of GTFP and capital per capital.
GTFP is an enhanced measure based on Total Factor Productivity (TFP), integrating resource consumption and environmental impacts into the overall productivity analysis (Xie et al., 2021). In the context of advancing carbon neutrality goals, GTFP has become a crucial metric for policymakers and scholars to assess the green and sustainable development of economies. Consequently, study on relationship between China’s FDI and the host country’s GTFP can not only provide valuable insights into the environmental impact of China’s outward FDI activities but also plays a vital role in fostering the green and low-carbon development of China’s international economic and trade cooperation.
Recent studies have focused extensively on the impact of FDI on GTFP, yielding various conclusions. Some research has verified that FDI can enhance GTFP in host countries through mechanisms such as technology transfer and spillover effects (Zhou et al., 2019a; Tian, 2022), human capital development (Zhu and Ye, 2018), stimulation of local competition (Zhou et al., 2019b), as well as improvements of regulatory and policy frameworks (Qiu et al., 2021; Luo et al., 2023). Conversely, other researchers have identified potential negative impacts of FDI on green development and GTFP in host countries. Walter (1979) introduced the “pollution haven” hypothesis, suggesting that multinational corporations might transfer pollution-intensive production activities to countries with less stringent environmental regulations through FDI, thereby increasing pollution in host countries (Copeland and Taylor, 2004). Qiu et al. (2021) found evidence of “pollution haven effect” in FDI towards Eastern and Central China, exerting adverse effects on local GTFP. Similarly, Benzaim et al. (2023) observed that U.S. FDI negatively impacted GTFP in OECD countries. Zhao et al. (2022) found, in their study of 284 prefecture-level cities in China, that FDI inflows primarily hindered local GTFP by suppressing green technological advancement, with these adverse effects being more pronounced in resource-dependent and non-coastal cities.
Institutional factors and innovation levels in host countries are recognized as critical moderators in the relationship between FDI and GTFP (Hu et al., 2021; Li et al., 2021; Ma and Cao, 2022; Luo et al., 2023). From the perspective of institution, several key elements contribute to this dynamic. First, the establishment and enforcement of robust legal frameworks can be conducive to a more effective management of FDI, ensuring that investments are directed towards green, sustainable development and mitigating the pollution haven effect (Yu et al., 2021). Second, higher institutional quality provides stable expectations for FDI projects, facilitating the transfer of green technologies to the host country (Xie and Zhang, 2021). Third, companies are compelled by stringent environmental regulations to adopt cleaner technologies, thereby enhancing the positive impact of FDI on the host country’s GTFP (Xiaofei et al., 2021). Regarding the innovation level of host countries, higher innovation capacity enables better absorption of advanced technologies introduced by foreign investors (Desbordes and Franssen, 2019) and facilitates the dissemination and diffusion of these technologies within host countries (Hu et al., 2021). Additionally, FDI enterprises investing in host countries with higher levels of innovation often encounter greater competitive pressures, motivating them to improve their green production efficiency (Xiao et al., 2022).
In recent years, there has been an increasing attention paid to China’s rapidly growing FDI from scholars. Relevant studies on China’s FDI reveal that it is insensitive to the political stability and governance levels of host countries (Chen et al., 2018), but it tends to target these countries with abundant natural resources or advanced technology (Ramasamy et al., 2012; Yao et al., 2017). Research on the outward FDI behavior of listed companies in China demonstrate that China’s FDI exhibits reverse technology spillovers, significantly enhancing domestic GTFP. However, this enhancement is influenced by the heterogeneity of investment sectors, countries, and entities (Zhu and Ye, 2018; Liu and Xin, 2019; Pan et al., 2020; Xu and Zhou, 2023). Based on China’s Belt and Road Initiative, Haiyue and Manzoor (2020) discovered that it helps improve the GTFP of both participating investment enterprises and host countries.
Despite extensive research on the relationship between FDI and GTFP, several critical gaps remain that warrant further exploration. 1) The impact of China’s FDI on the world: as the world’s second-largest in FDI flow and third-largest in FDI stock, China’s FDI has a significant impact globally, especially on the environment. However, existing research primarily examines the reverse effects of China’s FDI on its domestic environment, neglecting the broader environmental impact on host countries and the external environmental impacts of China’s international investment are overlooked against this backdrop. 2) The distinct characteristics of China’s FDI: despite substantial evidence indicating China’s preference for investing in specific regions and sectors, there is a lack of studies on different impacts of China’s FDI across various host countries. This oversight impedes a nuanced understanding of the specific impacts of China’s FDI, including critical investigations into whether China’s investment strategies align with pursuing “pollution havens,” potentially providing vital insights for policy considerations. 3) The dynamics of FDI’s impact on GTFP: most existing research relies on static data to assess FDI’s impact on GTFP, which raises concerns about endogeneity and fails to account for the evolving nature of FDI’s impact on GTFP over time. This static analysis limits the understanding of the interactions between FDI and the environment.
This paper aims to analyze the dynamic impact of China’s FDI on the GTFP of host countries. On this basis, it examines the threshold effects of environmental regulation and innovation levels in the relationship between China’s FDI and the GTFP of host countries. This investigation explores whether China’s FDI exhibits a “pollution haven effect” and seeks to understand the role of host countries’ innovation levels in FDI’s impact on GTFP. Compared to existing literature, the novelty of this study lies in three aspects. 1) Comprehensive data utilization: the study employs extensive datasets from the International Energy Agency, Environmental Performance Index, Penn World Table, World Bank, and the National Bureau of Statistics of China, compiling matched panel data for 123 countries from 2007 to 2019. The extensive sample size and rich dataset ensure high reliability for our research. 2) Refined GTFP calculation: adopting a super-efficiency SBM model that incorporates undesirable outputs, this study calculates GTFP with greater accuracy. This method not only provides a more precise measurement of GTFP but also allows for a detailed decomposition of GTFP changes into technological and scale efficiency components, offering a deeper understanding of the factors driving GTFP changes. 3) Advanced methodologies: employing a two-step system GMM and a dynamic panel threshold effects model, this paper delivers a more detailed analysis of the dynamic impacts of China’s FDI on environment in host countries. It also examines how environmental regulations and innovation levels in host countries modulate the effects of China’s FDI.
The possible contributions of this paper include three main aspects. 1) Research Expansion. This research enriches the discussion on the environmental impacts of China’s FDI and broadens the understanding of its global effects, particularly in relation to the green development of host countries. 2) Research methodology. By adopting innovative methods and models, this study reveals the mechanism and dynamic characteristic of FDI’s impact on the GTFP of host countries, providing new empirical insights. 3) Research objects. Our finding highlights the conditional factors in host countries that moderate the effects of FDI, offering a foundation for policies aimed at promoting green and sustainable development.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
2.1 The impact of China’s FDI in host countries over different periods
FDI plays a crucial role in the economic development of a host country by providing capital, technology, and management expertise. However, the environmental impact of FDI, particularly on GTFP), can vary over time. Initially, host countries need time to assimilate the new technologies and management practices introduced by China’s FDI (Cui and Jiang, 2010). Concurrently, Chinese enterprises must adapt to the regulatory and institutional frameworks of the host countries (Lo et al., 2016). The influx of new investments can also transform the market environment and resource allocation within the host country, forcing local businesses to adjust to changes in the economic landscape and new competitive pressures (Kokko et al., 1996). This adaptation and adjustment process may initially lead to a decline in the host country’s GTFP. Moreover, the Chinese government encourages enterprises to undertake large-scale projects as part of their FDI activities (Yang and Stoltenberg, 2014), often involving significant infrastructure construction such as roads, bridges, and factories (Wang and Gao, 2019). Such construction typically demands large quantities of cement, steel, and fossil fuels, resulting in substantial increases in greenhouse gas emissions and other pollutants (Naboureh et al., 2021).
As China’s FDI progresses beyond the initial adjustment period and construction phases, its positive effects on the GTFP of host countries become apparent in the medium to long term, manifesting in four key aspects. First, China’s FDI facilitates green technology transfer and innovation in host countries through technology transfer and spillover effects (Qin et al., 2022). Supported by preferential policies, Chinese enterprises introduce advanced technologies and expertise via FDI, enabling local enterprises to enhance their production processes and efficiency. Interactions and collaborations with technologically advanced Chinese companies further promote the dissemination and innovation of green production technologies, thereby enhancing the green production efficiency of host countries (Khachoo and Sharma, 2016; Deng et al., 2023). For instance, Chinese renewable energy investments in Pakistan have introduced cutting-edge solar and wind technologies, fostering the local spread and adoption of renewable energy technologies (Doytch and Narayan, 2016). Second, China’s FDI contributes to the advancement and diffusion of local green technologies in the medium to long term through education and training related to green technologies and practices (Sun et al., 2024). Collaborations with local companies, governments, and institutions in technology promotion enhance the progress and adoption of local green technologies (Chou et al., 2014). For example, Chinese investments in Africa’s agriculture sector include sustainable agricultural technologies and water-saving training programs, aiding local farmers in adopting greener production methods. Third, China’s FDI brings demonstrative and competitive effects to host country enterprises. Technologically advanced Chinese companies illustrate the benefits of green technologies and practices through their investments, and their market entry often intensifies competition in host countries, spurring local enterprises to innovate and improve their green production efficiency (Cheung and Ping, 2004). Fourth, high-quality China’s FDI aids in enhancing environmental policies and regulations in host countries. Recent China’s FDI frequently targets sectors such as renewable energy and electric vehicles, which necessitate adherence to high environmental standards. These practices introduce higher environmental benchmarks in host countries, promoting green and sustainable development (Adeel-Farooq et al., 2021). Furthermore, through collaboration with local governments, these investments help improve environmental regulations (Jin et al., 2019). Over the long term, improvements in environmental laws and policies can enhance the GTFP of host countries (Ren et al., 2022; Sun H. et al., 2023).
Derived from the above analysis, our paper proposes the Hypothesis 1a and 1b:
Hypothesis 1a. (H1a):. China’s FDI has a negative impact on the GTFP of host countries in the short term.
Hypothesis 1b. (H1b):. China’s FDI promotes the growth of GTFP in host countries in the medium to long term.
2.2 Environmental regulation, FDI, and GTFP
Previous studies have suggested that FDI can create a pollution haven effect in countries with weak environmental regulations, exacerbating local pollution and suppressing GTFP (Marques and Caetano, 2020). However, China’s FDI, influenced by China’s relevant policies and strategic priorities, does not necessarily lead to a pollution haven effect. Even in countries with lower environmental regulations, China’s FDI can effectively promote the growth of the host country’s GTFP. This is due, firstly, to China’s proactive national strategy on climate change, its active participation in green initiatives including the Paris Agreement, and its consistent emphasis on sustainable development in both domestic and foreign investments (Li et al., 2011; Guo et al., 2013). In 2021, China’s Ministry of Commerce and Ministry of Ecology and Environment jointly issued the “Guidelines for Green Development in Foreign Investment and Cooperation,” guiding Chinese enterprises to promote green development in their foreign investment and cooperation activities. Within China’s Belt and Road Initiative (BRI), green, low-carbon, and sustainable development are prioritized (Yin, 2019). In advancing the BRI, China has adopted a series of measures including green infrastructure, green energy, green transportation, and green finance (Coenen et al., 2021; Harlan, 2021), and has initiated the BRI Green Development International Coalition with more than 150 partners from 43 countries, sharing its successful experiences in green and sustainable development with other nations, particularly developing countries, to enhance their GTFP.
Secondly, China holds a leading position in renewable energy technologies such as solar and wind energy and is a major exporter of green technologies (Urban, 2015). China’s FDI often includes the deployment of these green technologies, especially in infrastructure applications, which supports the host countries in obtaining infrastructure that sustains environmental sustainability (Gu and Zhou, 2020; An et al., 2021), such as energy-saving transportation systems, waste management systems, and green urban planning, helping the host countries reduce dependence on fossil fuels and enhance GTFP(Ren et al., 2024). Additionally, China’s FDI typically involves training programs for local workers and managers to ensure that the host countries can effectively utilize and develop green technologies for long-term GTFP growth (Tawiah et al., 2021). The uniqueness of China’s FDI, coupled with its robust policy framework and commitment to sustainable development, ensures that it does not advocate a pollution haven effect. On the contrary, through the construction of green infrastructure and the export of green technologies, China’s FDI can help countries with weak environmental regulations in the long-term development and enhancement of GTFP.
Based on the above analysis, this paper proposes the second hypothesis:
Hypothesis 2. (H2):. China’s FDI does not create a pollution haven effect in countries with weak environmental regulations.
2.3 Innovation level, FDI, and GTFP
Research and development (R&D) and innovation are pivotal drivers of environmental efficiency in an economy, involving the creation and implementation of new technologies, processes, and practices. The R&D and innovation capabilities of host countries significantly influence the impact of FDI on GTFP. On one hand, the benefits a host country derives from FDI largely depend on its absorptive capacity—the ability to recognize, assimilate, and apply new knowledge and technologies (Sultana and Turkina, 2020). Countries with robust innovation capacities are more adept at integrating and utilizing advanced technologies introduced by FDI, enabling investment projects to quickly adapt and optimize foreign technologies to local conditions, thereby maximizing productivity and minimizing environmental impact. On the other hand, FDI can generate spillover effects in the host country, where advanced technologies and practices diffuse to local businesses through labor mobility, inter-firm cooperation, and supplier relationships (Jordaan, 2017). Host countries with strong innovation capabilities typically possess advanced R&D infrastructure and skilled labor forces, which can more effectively assimilate and leverage the technologies and practices brought by foreign investors. By integrating foreign technologies, these countries can produce synergistic effects and undertake complementary innovations (Fu, 2008). Therefore, host countries with high levels of innovation can amplify the positive spillover effects of FDI, significantly enhancing its impact on GTFP. Based on the above, we propose the following hypothesis:
Hypothesis 3. (H3):. The level of innovation in host countries enhances the positive impact of FDI on GTFP.
3 ECONOMETRIC METHODOLOGY AND DATA
3.1 Measurement of GTFP
3.1.1 SBM-DEA method
To account for the impact of energy consumption and greenhouse gas emissions on the green development of host countries, and to facilitate efficiency analysis, we use the Directional Distance Function based on the Slacks-Based Measure (SBM) model, as proposed by Tone (2001). This method uses a non-radial and non-oriented approach to measure the GTFP of host countries receiving China’s FDI. The formula for calculating GTFP is as follows:
[image: image]
In Eq. 1, each country is posited as a decision-making unit (DMU), with each DMU consisting of [image: image] input variables, [image: image] desirable outputs, and [image: image] undesirable outputs. The elements x, [image: image], and [image: image] stand for the input, desirable output, and undesirable output matrices, respectively. The slack variables for the inputs, desirable outputs, and undesirable outputs are denoted by [image: image], [image: image], and [image: image], respectively. The weight vector for inputs and outputs is represented by [image: image]. The structural variable [image: image] is not constrained in Eq. 1, therefore, the optimal solution TE is the efficiency value under constant returns to scale (CRS). A larger value of TE indicates a higher GTFP for the country.
To further investigate the factors influencing changes in GTFP, we introduce the constraint [image: image] into the constraints of Eq. 1, resulting in Eq. 2. This modification accounts for the impact of production scale on efficiency by employing a Variable Returns to Scale (VRS) model. Consequently, the optimal solution, PTE, reflects the influence of technological level changes on green production efficiency across different countries. Furthermore, by utilizing TE and PTE, we derive Eq. 3 to assess the impact of Scale Efficiency (SE) on overall efficiency. Scale efficiency represents the discrepancy between the current production scale and the optimal scale under a given technological level, indicating the degree to which a country’s resource allocation in green production is optimal.
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For the desirable output variable, we use the Gross National Product (GNP) of each country, and for the undesirable output, we use each country’s greenhouse gas emissions. The input variables include the total labor force, capital stock, and total energy supply measured in heat units. Based on Eqs 1–3, and employing the SBM-DEA method, we calculate the GTFP of host countries receiving China’s FDI. The data for the labor force and greenhouse gas emissions are sourced from the World Bank, the energy supply data measured in heat units is obtained from the International Energy Agency, and the capital stock data comes from the Penn World Table (Feenstra et al., 2015).
3.2 Model specification
3.2.1 Dynamic panel model
Previous research indicates that GTFP is influenced by various persistent drivers (Zhou et al., 2019b; Zhang et al., 2021). Additionally, the impact of FDI on host countries exhibits lag effects (Durham, 2004; Mustafa and Santhirasegaram, 2013). Therefore, we incorporate lagged terms of GTFP and China’s FDI into our baseline model. We utilize the following dynamic panel model to examine the influence of China’s FDI on the GTFP of host countries:
[image: image]
In Eq. 4, [image: image] represents the country, [image: image] is the GTFP value for each country, [image: image] represents the stock of China’s FDI in each country, [image: image] and [image: image] are the maximum lags for GTFP and FDI, respectively, [image: image] includes control variables, [image: image] denotes country-specific effects, and [image: image] is the disturbance error term.
3.2.2 Panel threshold model
To examine the moderating effects of environmental regulations and innovation levels on the impact of China’s FDI on the GTFP of host countries, considering the lagged influence of China’s FDI, we adopt an approach inspired by Hansen (1999). We introduce a modified dynamic panel threshold model, using the host country’s environmental regulations and innovation levels as threshold variables and the lagged terms of China’s FDI as explanatory variables, to construct a dynamic panel threshold regression model:
[image: image]
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In Eqs 5, 6, [image: image] represents the lag order of China’s FDI, [image: image] and [image: image] represent the environmental regulation and innovation levels of the host country, respectively. [image: image] are the n different threshold levels. [image: image] includes control variables, [image: image] is a dummy variable that takes the value of 1 if the condition in the parentheses is satisfied and 0 otherwise. [image: image] denotes country-specific effects, and [image: image] is the disturbance error term.
3.3 Variable selection
3.3.1 Dependent variables: GTFP, PTE, SE
The values of GTFP, Pure Technical Efficiency (PTE), and Scale Efficiency (SE) for 123 countries are measured using the SBM-DEA method and serve as the dependent variables.
3.3.2 Explanatory variable: China’s FDI
China’s outward FDI includes both stock and flow data. Due to significant reverse investment activities by China, measuring the flow of China’s direct investment in other countries can lead to substantial bias. Therefore, we use the stock of China’s FDI in host countries as the explanatory variable.
3.3.3 Threshold variables
Environmental Regulation (ER): Previous studies emphasize that the level of pollutant management can effectively reflect a country’s commitment to environmental protection (Zorpas, 2020; Li and Shi, 2021). Therefore, we use the mean of three scores related to environmental protection and pollutant management from the Environmental Performance Index (EPI) (Wolf et al., 2022) as proxy variables for environmental regulation. These scores are: Controlled Solid Waste (MSW), Wastewater Treatment (WWT), and Ocean Plastic Pollution (OCP). The EPI is published biennially, and missing data are calculated using interpolation methods.
Innovation Level (IL): Following the approach of O’Neale and Hendy (2012) and Mussaiyib and Pradhan (2023), we use the number of patent applications per thousand residents as a proxy variable for measuring a country’s innovation levels. This variable is calculated by dividing the number of patent applications filed by residents of each country by the total population, with patent application data and population data sourced from the World Bank database.
3.3.4 Control variables
To account for potential economic and social factors that could influence GTFP, this study incorporates the following control variables into the GMM model and panel threshold model:
Technological Progress (lnTP): Technological advancement is widely recognized as a decisive driver of GTFP growth (Wang et al., 2018; Yang X. et al., 2021). Following Yang X. et al. (2021), the total number of resident patent applications is used as a proxy for technological progress, with a logarithmic transformation applied to enhance data stability.
Environmental Regulation (ER): Beyond legislative frameworks, environmental regulation plays a crucial role in promoting economic efficiency, environmental sustainability, encouraging green technological innovation, and ensuring the effective use of resources (Yuan and Xiang, 2018; Zhang and Vigne, 2021). Given its profound impact on GTFP dynamics, ER is included in our analysis both as a key threshold variable and as a control variable. This dual inclusion allows us to dissect the nuanced impacts of environmental policies on GTFP adjustments.
Level of Economic Growth (RGDP): Economic growth is a key factor driving changes in a country’s GTFP (Sun Y. et al., 2023; Wang et al., 2023), represented by the GDP growth rate.
Industrial Structure (IS): The optimization and adjustment of industrial structure can reduce carbon emissions and enhance overall productivity, significantly impacting GTFP (Yang et al., 2022). Following Wang et al. (2021), the percentage of the secondary industry’s output to GDP is used to represent this variable.
Descriptions of each variable are presented in Table 1.
TABLE 1 | Variable description.
[image: Table 1]This study constructed a panel dataset comprising data from 123 countries spanning from 2007 to 2019. Data on China’s foreign direct investment (FDI) in other countries was sourced from the annual Statistical Bulletin of China’s Outward Foreign Direct Investment published by the National Bureau of Statistics of China. Environmental regulation scores, derived from three metrics, were obtained from the biennially published Environmental Performance Index. Additional data were sourced from the World Bank database. To mitigate heteroscedasticity and standardize the magnitude of variables, logarithmic transformations were applied to the stock of China’s FDI and the total number of resident patent applications. The GTFP index, technological progress index, and technical efficiency index, as well as the GDP growth rate, labor participation rate, and industrialization rate, were all multiplied by 100 to convert these values into percentages. Table 2 presents the descriptive statistics of each variable.
TABLE 2 | Descriptive statistics of variables.
[image: Table 2]4 EMPIRICAL RESULTS AND DISCUSSION
4.1 Dynamic panel model
Using Stata 17 software, a series of tests were conducted on Eq. 4 to select the appropriate econometric model. The estimation results are presented in Table 3. Models I, II, and III represent the estimation results of random effects, fixed effects, and Ordinary Least Squares (OLS), respectively. Model IV represents the estimation results of the two-step system GMM.
TABLE 3 | Analysis of China’s FDI impact on host country GTFP.
[image: Table 3]In estimating Eq. 4, the inclusion of lagged dependent variables on the right side of the equation introduces endogeneity issues, leading to potential biases in estimations using random effects (RE), fixed effects (FE), and pooled Ordinary Least Squares (OLS). However, the Generalized Method of Moments (GMM) estimation technique mitigates these endogeneity problems through instrumental variables, with the system GMM further addressing issues of weak instruments (Blundell and Bond, 1998). The two-step system GMM requires the absence of second-order autocorrelation in the error terms and the exogeneity of the instruments. Models IV to VI all perform well in this regard; the Arellano-Bond test for autocorrelation does not reject the null hypothesis of no second-order serial correlation, and the Hansen test indicates no overidentification issues. As shown in Model IV of Table 3, the estimates from the two-step system GMM are more significant than those from Models I, II, III. Therefore, we refer to the two-step system GMM estimates in our analysis.
The estimation results reveal that China’s FDI has a significant impact on the host country’s GTFP index, as well as on the Pure Technical Efficiency (PTE) and Scale Efficiency (SE) derived from GTFP changes. Furthermore, the effect varies between the current and lagged periods, with the impact in the lagged period being greater than in the current period, highlighting the lagged nature of the effects of China’s FDI on the GTFP of host countries.
From the coefficients of current-period China’s FDI in the System GMM model, it is observed that a 1% increase in China’s FDI results in a 0.087% decrease in the host country’s current-period GTFP, a 0.044% decrease in Pure Technical Efficiency (PTE), and a 0.009% increase in Scale Efficiency (SE). This suggests that China’s FDI initially suppresses the host country’s GTFP and green technology level but positively impacts scale efficiency. This effect can be attributed to several factors: primarily, during the current period of China’s FDI, the influence is largely due to the construction process of the projects, which might be inefficient and result in significant greenhouse gas emissions, thus reducing the host country’s GTFP and technical efficiency. However, the construction process also contributes to increased production scale and market expansion in the host country, which in turn can enhance scale efficiency. Furthermore, host country enterprises may face challenges in absorbing and integrating new management experiences and technologies. In the initial phase of project introduction, new investments and operational practices might not fully align with the existing environment of the host country. Host country enterprises need time to learn and adapt to the newly introduced managerial expertise and technologies, a process that can temporarily decrease GTFP and technical efficiency.
The coefficients of lagged China’s FDI in the System GMM regression model indicate that a 1% growth in China’s FDI leads to a 0.222% increase in the host country’s GTFP in the following year, a 0.141% increase in PTE, and a 0.034% decrease in Scale Efficiency (SE). This demonstrates that as projects begin operation, China’s FDI effectively promotes growth in the host country’s GTFP and green technology levels, albeit with a slight negative impact on scale efficiency. The reasons for these impacts include the gradual absorption by host country enterprises of the management experience and technology brought by China’s FDI, which significantly enhances their technological levels and operational efficiency. Additionally, Chinese investment introduces more intense market competition and environmental awareness to the host country’s market, which, in the long run, encourages host country enterprises to optimize operations and reduce waste, thereby improving their technological levels and increasing GTFP. On the other hand, as projects are completed and move into the operational phase, the host country faces changes in resource and product demand structures, which might lead to overcapacity in some industries, thus reducing scale efficiency.
Through the analysis using the GMM model, it is found that in the current period of FDI, due to inefficient construction processes and challenges in technology absorption faced by the host country, China’s FDI slightly and temporarily reduces the host country’s GTFP and technical levels. However, over time, as host country enterprises absorb and integrate management experiences and technologies, along with the market competition and environmental awareness brought by Chinese investments, they can effectively promote green technology and enhance GTFP in the host country, far outweighing the initial suppressive effects, although scale efficiency may decline slightly with changes in production and demand structures.
4.2 Robustness rests
4.2.1 Variable replacement
To mitigate potential biases arising from single-variable measurements, we replaced both the independent and dependent variables and re-estimated the models accordingly. Specifically, we replaced the independent variable with the flow of China’s FDI. Since the FDI flow data released by the Chinese National Bureau of Statistics include reverse FDI, which cannot accurately measure the changes in China’s FDI flow to different countries, we processed the FDI stock data through differencing to derive the flow data of China’s FDI for use as the independent variable.
For the dependent variable, we employed Carbon Emission Intensity (CEI), defined as the amount of carbon dioxide emissions per unit of Gross Domestic Product (GDP) for a given country. A reduction in CEI indicates a transition to more efficient production processes, emphasizing the enhancement of green production practices. According to Zhang et al. (2020), CEI is a critical indicator for assessing the level of environmentally sustainable production. Furthermore, empirical evidence provided by Wang and Yan (2022) shows a negative correlation between CEI and GTFP, reinforcing the suitability of CEI as a converse indicator for GTFP. Consequently, CEI (measured in grams per Purchasing Power Parity (PPP) dollar of GDP) is used as an inverse proxy for GTFP. The data on carbon emission intensity are sourced from the World Bank database.
Upon replacing the variables and re-estimating, all models passed the Arellano-Bond test for serial correlation and the Hansen test, and the coefficients of China’s FDI in each model were statistically significant at the 1% level. The empirical results are presented in Table 4.
TABLE 4 | Robustness test results: regression analysis with variable replacements.
[image: Table 4]In Table 4, Models I, II, and III display the estimation results of the system GMM after replacing the independent variable. The coefficients between current-period China’s FDI and both GTFP and PTE are significantly negative, while the coefficients with SE are significantly positive. The coefficients between lagged China’s FDI and both GTFP and PTE are significantly positive, whereas those with SE are significantly negative, indicating that the impact of lagged China’s FDI on GTFP is greater than that of current-period FDI.
Model IV shows the system GMM estimation results after replacing the dependent variable. The coefficient between current-period China’s FDI and the host country’s carbon emission intensity is significantly positive, suggesting that current China’s FDI increases the carbon emissions per unit of GDP in the host country, thereby reducing the host country’s GTFP. However, the coefficient between lagged China’s FDI and the host country’s carbon emission intensity is significantly negative, and its absolute value is greater than that of the coefficient for current-period FDI, indicating that over time, China’s FDI can reduce carbon emissions per unit of GDP in the host country, thereby increasing its GTFP. Overall, the estimation results after replacing both the independent and dependent variables are consistent with the aforementioned test outcomes.
4.2.2 Sample adjustment
In 2017, the Chinese government implemented a series of policies that significantly tightened restrictions on FDI, resulting in a 36% year-on-year decline in the scale of China’s FDI, marking the first negative growth since China started publishing FDI statistics in 2003. To mitigate the anomalous impact of changes in the Chinese government’s FDI management policies on the estimation results, we excluded the observational data for 2017 and re-estimated using the two-step system GMM. All models passed the Arellano-Bond test for serial correlation and the Hansen test, and the coefficients of China’s FDI in each model were statistically significant at the 1% level, as shown in Table 5.
TABLE 5 | Robustness test results: adjust sample.
[image: Table 5]In Table 5, Models I, II, and III list the two-step system GMM estimation results based on the adjusted sample. The coefficients between current-period China’s FDI and both GTFP and PTE are negative, whereas those with SE are positive. The coefficients between lagged China’s FDI and both GTFP and PTE are positive, whereas those with SE are negative, with all coefficients being statistically significant at the 1% level. The coefficients between lagged FDI and both GTFP and PTE are higher than those for current-period FDI. After adjusting the sample, the estimation results remain robust.
4.2.2.1 Removing control variables
To further ensure the robustness of the model, we removed all control variables and re-estimated using the two-step system GMM. All models passed the Arellano-Bond test for serial correlation and the Hansen test, and the coefficients of China’s FDI in each model were statistically significant at the 1% level. The estimation results are presented in Table 6.
TABLE 6 | Robustness test results: removing control variables.
[image: Table 6]In Table 6, the size and signs of the coefficients between both current and lagged China’s FDI and GTFP and PTE remain consistent with previous research findings. The coefficient between current China’s FDI and SE turned negative; however, its absolute value is only 0.005, indicating a minimal potential reduction effect of current China’s FDI on the host country’s scale efficiency. Nevertheless, the coefficient between lagged China’s FDI and SE remains significantly negative, with an absolute value of 0.05. Overall, in the absence of control variables, the estimation results of the model are broadly consistent with previous results.
4.3 Threshold effects analysis
Previous analysis based on linear models confirmed that China’s FDI have a significant positive effect on the GTFP of host countries, with this impact exhibiting a lagged nature. Consequently, we use lagged China’s FDI as the explanatory variable and the environmental regulations and innovation levels of host countries as threshold variables to further explore the nonlinear impact of China’s FDI on host countries’ GTFP.
4.3.1 Threshold effect test
We obtained the asymptotic values of the F-statistics and corresponding p-values through threshold effect bootstrap testing, followed by tests for threshold values. The results of the threshold effect test for environmental regulations in the host country are presented in Table 7 and Figure 2. The three-threshold test yielded an F-statistic of 34.82, which did not pass the significance test, indicating the absence of a triple threshold. The double threshold test’s F-statistic was 39.67, significant at the 5% level, indicating a double threshold effect. The first and second threshold values are 0.5000 and 0.5629, respectively, with confidence intervals as shown in Table 8 and Figure 2.
TABLE 7 | Outcomes of the test for the threshold effects.
[image: Table 7][image: Figure 2]FIGURE 2 | ER threshold estimates and their confidence intervals.
TABLE 8 | Threshold estimation results.
[image: Table 8]The threshold effect test results for the innovation level of the host country are shown in Table 7 and Figure 3 The three-threshold test resulted in an F-statistic of 8.31, which did not pass the significance test, indicating the absence of a triple threshold. The double threshold test’s F-statistic was 28.68, significant at the 1% level, revealing a double threshold effect. The first and second threshold values are 20.9542 and 50.9190, respectively, with confidence intervals as detailed in Table 8 and Figure 3.
[image: Figure 3]FIGURE 3 | TL threshold estimates and their confidence intervals.
The test results for threshold effects indicate that the impact of China’s FDI on GTFP in host countries with different levels of environmental regulation and innovation displays nonlinear characteristics, suggesting the feasibility of establishing a threshold panel model.
4.3.2 Analysis of threshold effects model estimation results
Based on the estimation of parameters using Eqs 5, 6, the results of the dynamic panel threshold effects model are presented in Table 9.
TABLE 9 | Regression results of the threshold effects.
[image: Table 9]Model I in Table 9 illustrates the nonlinear characteristics of the impact of China’s FDI on the GTFP of host countries, taking into account environmental regulations (ER). Contrary to many existing studies on environmental regulation, the impact of China’s FDI on the GTFP of host countries decreases as their ER increases. When examining the coefficients of L.lnFDI, we observe that when the ER of the host country is low (ER ≤ 0.052), the growth effect of China’s FDI on GTFP is most pronounced. Specifically, a 1% increase in investment stock results in a 0.621% rise in the host country’s GTFP in the following year. As ER increases to a medium level (0.427 < ER ≤ 0.4337), the coefficient of L.lnFDI decreases to 0.413. At higher levels of ER (ER > 0.4337), the coefficient further declines to 0.249. Despite these variations, the coefficients of L.lnFDI remain significant at the 1% level across all ER levels. These findings indicate that China’s FDI promotes GTFP growth in host countries regardless of their ER levels, challenging the pollution haven hypothesis. Notably, the results reveal that in host countries with lower levels of environmental regulation, the positive effect of China’s FDI on GTFP not only persists but also intensifies. This suggests that China is actively introducing clean and efficient technologies through FDI, thereby enhancing green productivity in these countries. In contrast, countries with higher levels of environmental regulation typically already possess advanced green production capabilities (Yang L. et al., 2021). As a result, the potential for further improvements in green production through China’s FDI diminishes as ER becomes more stringent. Consequently, the growth benefits of China’s FDI on GTFP in these countries gradually weaken.
Model II in Table 9 demonstrates the nonlinear impact characteristics of China’s FDI on the GTFP of host countries under different innovation levels (IL). Specifically, when the IL of the host country is low (IL ≤ 0.053), China’s FDI has a significant positive effect on the host country’s GTFP, with each 1% increase in investment increasing the host country’s GTFP by 0.224%. As the innovation level of the host country increases (0.053<IL ≤ 0.1481), the regression coefficient of FDI on GTFP rises to 0.235%, and when the innovation level increases further (IL > 50.9190), the regression coefficient significantly increases to 0.372% and is significant at the 1% level. This indicates that China’s FDI leads to the transfer and spillover of green technology and management expertise, but the growth effect it brings to the host country’s GTFP is influenced by the host country’s innovation level: the higher the innovation level, the quicker and more efficiently the host country can accept and learn the technology transferred from China, and implement its diffusion domestically (Qin et al., 2022), thereby increasing the growth effect of China’s FDI on the host country’s GTFP.
4.3.3 Robustness rest of threshold effects
To ensure the robustness of the threshold effects model, we replaced the threshold variables and re-estimated the model. According to Gaballah and Kanari (2001), the recycling rate (REC) of countries is largely influenced by environmental regulations and sustainable development policies. Thus, we utilized REC as a new threshold variable for measuring environmental regulation, with the recycling rate data sourced from the EPI database. Similarly, Research and Development (R&D) intensity (the percentage of R&D expenditure in GDP) is widely used to measure a country’s innovation level (Bointner, 2014; Khayyat and Lee, 2015). Therefore, we used R&D/GDP as the new threshold variable for measuring innovation level, with the R&D/GDP data obtained from the World Bank database. The threshold effect tests for the new threshold variables showed double threshold effects at a 1% significance level. The estimation results of the dynamic panel threshold effects are displayed in Table 10.
TABLE 10 | Regression results of threshold effect robustness test.
[image: Table 10]Model I in Table 10 shows the nonlinear impact of China’s FDI on the GTFP of host countries under the new environmental regulation variable. It is observed that when the host country’s environmental regulation level is low (REC≤0.6584), the growth effect of China’s FDI on the host country’s GTFP is highest. As the level of environmental regulation in the host country exceeds the first threshold (0.6584<REC≤0.9471), the growth benefits of China’s FDI weaken. When the host country’s environmental regulation surpasses the second threshold, the impact of China’s FDI on the host country’s GTFP becomes insignificant.
Model II in Table 10 illustrates the nonlinear impact of China’s FDI on the GTFP of host countries when R&D intensity is used as the measure of innovation level. When R&D intensity is below the first threshold (R&D/GDP≤1.1097) and between the first and second thresholds (1.1097 < R&D/GDP≤2.5976), the impact of China’s FDI on the host country’s GTFP is very close, with coefficients of 0.239 and 0.231 respectively. When R&D intensity is above the second threshold (R&D/GDP>2.5967), the impact of China’s FDI on the host country’s GTFP significantly increases to 0.442.
The estimation results after replacing the threshold variables are largely consistent with previous regression results, reflecting the robustness of the threshold effects model. Specifically, first, China’s FDI does not exhibit a ‘pollution haven effect.’ For countries with lower environmental regulation levels, China’s FDI can more effectively enhance their GTFP. However, as the environmental regulation level of the host country increases, the potential for GTFP improvement gradually diminishes, and the promotional effect of China’s FDI on the host country’s GTFP weakens. Second, China’s FDI facilitates the transfer and diffusion of green technologies, and its impact on the host country’s GTFP is influenced by the host country’s innovation level—the stronger the innovation level, the greater the extent to which China’s FDI can promote GTFP growth in the host country.
5 CONCLUSION AND POLICY IMPLICATIONS
5.1 Conclusion
This study evaluates the GTFP of 123 host countries of China’s FDI from 2007 to 2019 using the super-efficiency SBM model. It then empirically assesses the impact of China’s FDI on the GTFP of these host countries utilizing a two-step system GMM model and a dynamic panel threshold effect model. The findings reveal three key insights:
The findings reveal that China’s FDI significantly enhances the GTFP of host countries, particularly over the medium to long term. Importantly, the data do not support the existence of a “pollution haven effect.” Instead, China’s FDI tends to boost GTFP more effectively in countries with less stringent environmental regulations, underscoring the role of such investments in promoting green growth.
First, China’s FDI significantly enhances the GTFP of host countries. While China’s FDI may initially have a negative impact on GTFP in the short term, it effectively promotes GTFP growth in the medium to long term, primarily through improvements in technological efficiency.
Second, China’s FDI does not induce a “pollution haven effect.” Contrary to findings in other related studies, our results indicate that China’s FDI can more substantially boost GTFP in countries with lower levels of environmental regulation.
Third, the positive impact of China’s FDI on the GTFP of host countries is amplified by higher levels of innovation. As the innovation levels of host countries improve, the beneficial effects of China’s FDI on GTFP increase correspondingly.
5.2 Policy implications
Based on the research results, this paper proposes the following policy implications:
First, host countries should strengthen their environmental regulations and innovation systems to maximize the benefits derived from China’s green FDI. This approach not only leverages FDI for environmental gains but also enhances the local economic and technological landscape.
Second, China should continue to integrate sustainability into its FDI strategies, aiming to reduce adverse environmental impacts during project construction and operation. This commitment will help mitigate the initial negative impacts on GTFP while supporting global green development goals.
5.3 Limitations and future research
This study empirically identifies the mechanisms and patterns through which China’s FDI affects the GTFP of host countries and examines the heterogeneity of this impact based on the levels of environmental regulation and innovation in host countries, providing persuasive conclusions. However, there are limitations to this research. Due to the lack of relevant data, the calculation of GTFP only considered undesired environmental outputs from the perspective of greenhouse gas emissions, omitting the impact of other types of pollution on GTFP. Furthermore, the analysis did not disaggregate China’s FDI by industry type. A comparative analysis of different types of FDI on host countries’ GTFP could better elucidate the mechanisms by which FDI influences GTFP. Future studies should consider a broader array of pollution types in the calculation of GTFP and analyze the impact of FDI based on the characteristics of different industries.
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