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Indroduction: This study investigates the impact of China’s Low-Carbon City Pilot (LCCP) policy, characterized by its flexible and “weakly binding” nature, on Foreign Direct Investment (FDI) patterns.Methods: We specifically focus on the heterogeneous effects of this flexible environmental regulation over time and its micro-level mechanisms. Employing a quasi-natural experiment framework and a Difference-in-Differences (DID) methodology, we analyze city-level panel data and micro-level enterprise registration data from 2007–2019.Results: Findings reveal significant temporal heterogeneity: the first LCCP batch (initiated in 2010) suppressed FDI, while the third batch (2017) promoted it. Mechanistically, the initial batch deterred the entry of both polluting and high-tech foreign firms, whereas the later batch encouraged investment expansion by existing foreign invested enterprises. Furthermore, the policy’s effects are influenced by FDI saturation, resource endowment, and the rigor of policy implementation. Contrary to the Pollution Haven Hypothesis, no significant regional pollution transfer effect was observed; instead, the third batch stimulated positive FDI spillovers in nearby regions (150–200 km).Discussion: These results provide empirical evidence on how flexible environmental policies shape FDI, offering insights for balancing economic growth and sustainability.Keywords: low-carbon city pilot policy, foreign direct investment, heterogeneity, DID model, pollution haven hypothesis
1 INTRODUCTION
The global imperative to mitigate climate change presents a formidable challenge, particularly for developing nations striving to balance environmental sustainability with economic growth imperatives. Foreign Direct Investment (FDI) remains a crucial catalyst for development, yet its sensitivity to environmental regulations creates a significant policy dilemma, a phenomenon known as the “Pollution Haven Hypothesis”. Does the implementation of carbon reduction policies inevitably deter essential FDI inflows, thereby hindering growth? Or can thoughtfully designed environmental governance foster greener development pathways without compromising, or perhaps even enhancing, investment attractiveness? Addressing this tension is pivotal for crafting effective climate strategies and achieving sustainable development goals globally.
China, as the world’s largest developing economy and one of the largest recipients of foreign direct investment, confronts substantial environmental pressures alongside rapid economic growth, offering a unique context for investigating this policy nexus. In response, China has initiated various environmental programs, among which the “Low-Carbon City Pilot” (LCCP) policy, launched in three batches (2010, 2012, and 2017) and now covering 87 cities and regions (Gao et al., 2022), stands out as a significant institutional innovation. Distinct from many previous environmental regulations, the LCCP is characterized by its “weakly binding” nature, often employing non-mandatory, guidance-oriented language like “guide”, “encourage”, and “promote”, and granting considerable autonomy to local governments for policy exploration and implementation. This unique policy design raises fundamental questions about its efficacy and economic consequences.
While the extensive literature examining the relationship between environmental regulation and FDI offers valuable insights, it predominantly focuses on the impacts of more stringent policies, such as the US Clean Air Act Amendments (Hanna, 2010), emission tax rates (Yan and Li, 2023), and COD (Chemical Oxygen Demand) reduction mandates (Yang et al., 2018). However, the impact of weakly binding policies like the LCCP on FDI remains inconclusive. Does the lack of stringent enforcement render these policies ineffective, or does their inherent flexibility allow for a more nuanced balancing of economic and environmental objectives, potentially yielding different outcomes for FDI? Moreover, previous studies often employ two-way fixed effects difference-in-differences (TWFE-DID) models, which assume homogeneous treatment effects across all pilot cities and time periods. This approach may overlook the potential heterogeneity in policy effects across different batches of pilot cities and over time. Recent research has indeed found significant heterogeneity in carbon reduction effects across different batches of LCCP policies (Lyu et al., 2023), highlighting the importance of considering these variations. This ambiguity underscores the necessity and timeliness of the present study.
Therefore, this study aims to empirically evaluate the impact of China’s unique weakly binding LCCP policy on the patterns and evolution of FDI. Leveraging the phased implementation of the LCCP across three distinct batches as a quasi-natural experiment, we employ a difference-in-differences (DID) methodology, augmented by a suite of robustness checks. Our analysis draws upon both prefecture-level city data and micro-level enterprise registration data from 2007 to 2019 to provide a comprehensive assessment of the policy’s causal effects, underlying mechanisms, and potential heterogeneity.
This research contributes to the existing literature and policy discourse in several key ways. First, we provide novel empirical evidence on the effectiveness and economic implications of non-mandatory governance tools, moving beyond the traditional focus on stringent regulations. Second, our analysis reveals significant temporal heterogeneity in policy effects across different LCCP batches, challenging monolithic views of environmental policy impacts and highlighting the importance of considering policy evolution and design specifics. Third, the use of micro-data allows for a nuanced examination of the mechanisms, differentiating between effects on polluting, clean, and high-tech industries foreign-invested enterprises (FIEs) and shedding light on the validity of the Pollution Haven Hypotheses within this specific context.
The remainder of this paper is organized as follows illustrated in Figure 1: Section 2 reviews the literature and develops hypotheses. Section 3 details the empirical methodology and data description. Section 4 presents the empirical results and robustness checks. Section 5 performs the mechanism analysis. Section 6 conducts the heterogeneity analysis. Section 7 further examines the “Pollution Haven” hypothesis. Section 8 concludes.
[image: Figure 1]FIGURE 1 | Technical roadmap and content arrangement.
2 LITERATURE REVIEW AND HYPOTHESES
2.1 Environmental regulatory policies and FDI
The implementation mechanism of LCCP policies has continuously evolved and improved. It transitioned from an initial exploratory nature to gradually establishing explicit carbon peaking targets and total quantity control. The focus has deepened from basic elements like comprehensive planning formulation, the establishment of low-carbon industrial systems, and statistical frameworks, to the development of robust target performance evaluation systems. The requirements for innovation have expanded from solely technological innovation to multi-dimensional innovation, encompassing models, institutions, technologies, and engineering approaches. Furthermore, the demands on management mechanisms have become progressively refined, moving from simple data statistical management to the establishment of complete organizational structures and coordination mechanisms. The initial target responsibility system has evolved into a more stringent assessment and evaluation system. Later policy documents have clearly defined specific timelines and phased targets, reflecting a significant strengthening of policy enforcement and the continuous improvement of accountability mechanisms. The LCCP policy differs from other environmental regulatory policies in several key aspects:
2.1.1 Scope
The LCCP policy is primarily implemented at the prefecture-level city scale, encompassing entire urban areas (Gao et al., 2022). This comprehensive approach contrasts with other carbon reduction policies that target specific industries or are limited to particular trading markets, such as carbon emission trading policies (Shao et al., 2022; Satoğlu and Salmon, 2024), environmental or emission taxes (Yan and Li, 2023), or regulations focused on specific pollutants like SO2 (Yang et al., 2018). The LCCP policy involves multiple sectors including energy, industry, construction, and transportation, constituting a systemic urban development policy.
2.1.2 Governance
The LCCP policy is characterized by “weak constraints”, granting local governments greater autonomy and space for innovation (Tie et al., 2020). Led by local authorities, this pilot emphasizes the principal role of local governments in low-carbon development, distinguishing it from top-down, mandatory emission reduction policies like total energy consumption control, China’s Two Control Zone policy for air pollution, the Pollution Quantity Control Policy setting reduction mandates for local governments (Yang et al., 2018), or the US Clean Air Act Amendments (Hanna, 2010).
2.1.3 Incentive structure
The LCCP policy features “weak incentives”, emphasizing local exploration and innovation to achieve policy objectives rather than relying on direct intervention or economic incentives from the central government (Yang and Peng, 2022). This approach contrasts sharply with subsidy policies that offer explicit economic incentives, such as technology support policies providing R&D funding or tax credits (Satoğlu and Salmon, 2024), financial incentives like feed-in tariffs and net metering (Wiredu et al., 2025), or specific green investment incentives including reduced corporate tax, investment allowances, and tax credits (Demena and Afesorgbor, 2020), as well as financing mechanisms like green bonds (Ayo-Balogun et al., 2025). Consequently, the LCCP policy thereby showcases a greater capacity for institutional innovation compared to other carbon reduction policies (Song et al., 2020). The “National Low-Carbon City Pilot Work Progress Evaluation Report” notably includes “innovative initiatives” as a key indicator in its evaluation system.
These distinctive features of the LCCP policy have motivated researchers to assess the policy’s impacts from various perspectives, contributing to a growing body of literature on urban sustainability and environmental governance in developing contexts.
The LCCP programs have multifaceted impacts on regional economic and social development. Existing literature has demonstrated, from both macro and micro perspectives that the LCCP policy promotes urban innovation (Ma et al., 2021; Zou et al., 2022; Yang, 2023; Pan and Zhao, 2024). Zhao et al. (2024) found that the LCCP policy drives industrial structure upgrading. Wang L. et al. (2023) research indicates that the LCCP policy can significantly improve energy efficiency.
Studies evaluating LCCP policy’s impact on FDI show varied results. Zhao and Wang (2021), examining only the second batch, found the policy promoted FDI via industrial upgrading. Pan et al. (2023) and Ni et al. (2022), covering all three batches, reached different conclusions on FDI quantity: Pan et al. found it attracted FDI through cost reduction and innovation, while Ni et al. found it reduced FDI quantity but improved its quality, especially in innovative cities. A commonality is the reliance on macro-level proxies (e.g., city-level spending, industrial structure) for mechanism analysis. While indicating roles for innovation and structural change, this macro-level approach risks conflating the responses of domestic Chinese enterprises with those of FIEs. Consequently, it may lead to an inaccurate identification of the precise mechanisms through which the LCCP policy influences firm-level FDI decisions.
Regarding the relationship between environmental regulation and FDI, there are two main viewpoints in the academic community: first, the “Pollution Haven Hypothesis”, which posits that stringent environmental regulations lead FDI to shift to regions with lower environmental standards (Eskeland and Harrison, 2003); second, the “Pollution Halo Hypothesis”, which argues that FDI enhances the host country’s environmental quality through technology spillover effects (Cole et al., 2008). Cole and Elliott (2005) through cross-national studies of developed and developing countries, found that the impact of environmental regulation on FDI exhibits significant industry heterogeneity. The “Pollution Haven Effect” is more likely to occur in capital-intensive polluting industries. While literature sharing the same theme as this paper interpret their findings in light of the Pollution Haven, they do not conduct direct empirical tests of these theories.
To sum up, the impact of the LCCP policy on FDI has not yet reached a systematic conclusion. Specifically, as an environmental regulation policy characterized by “weak incentives and weak constraints”, the LCCP policy grants policy implementers greater flexibility in formulating policies and may adopt strategies that differ from those of other environmental policies (Chen et al., 2023), which may inherently introduce a certain degree of policy uncertainty for market participants (Rehman et al., 2023). The shortcomings of existing research lie in neglecting this unique nature, relying on TWFE-DID while overlooking policy heterogeneity across different batches, obtaining inconsistent results from macro proxy variable analysis of policy transmission mechanisms, and failing to directly test the validity of the “Pollution Haven” hypothesis at the FDI level. It remains an important area of research to investigate whether this affects foreign investment decisions and through what mechanisms it influences FDI inflows. This study overcomes these research deficiencies by focusing on weak binding, considering the effects of different policy batches, using micro-level data, and examining spatial spillover effects.
2.2 Theoretical analysis and hypotheses
This study explores the transmission mechanisms of the LCCP policy from the perspectives of the Broad Meaning of Industry Transfer Theory, the Porter Hypothesis, and the Pollution Haven Hypothesis. Based on the Broad Meaning of Industry Transfer Theory, industrial transfers between regions in China are primarily characterized by the relocation of low-end industries from the more economically developed eastern regions to the central and western regions, while high-end industries remain concentrated in the eastern areas, exhibiting varying levels of foreign investment saturation (Shi et al., 2019; Ang, 2018). Building on this transfer pathway and incorporating regional heterogeneity, the study analyzes the policy impacts. The Porter Hypothesis posits that appropriately designed environmental regulations can stimulate corporate innovation, not only offsetting the costs associated with environmental regulations but also enhancing the competitiveness and market performance of enterprises (Porter and Linde, 1995). On the other hand, the Pollution Haven Hypothesis suggests that multinational corporations tend to relocate pollution-intensive industries to countries or regions with more lenient environmental regulations to reduce environmental compliance costs (Copeland and Taylor, 1994).
Low-carbon city pilot policies are exploratory policies with weak constraints, differing from other environmental regulation policies with explicit goals. At the national level, no specific hard targets, such as carbon emission peak dates or industry-specific emission standards, are set for the pilot cities. Instead, these policies delegate decision-making authority to the respective pilot governments, allowing them to advance low-carbon initiatives based on local conditions (Gao et al., 2022). This approach follows the “the center decides and the local pays” model (Fan, 2014), wherein different cities may not necessarily adopt mandatory emission reduction measures during implementation. Pilot cities, balancing considerations of economic growth and environmental protection, may make different decisions—either continuing economic development or strengthening environmental regulations—thereby influencing FDI.
Furthermore, the designation of low-carbon city pilots as “exemplars” embodies the central government’s recognition of the pilot cities’ efforts in environmental governance, granting them significant environmental legitimacy advantages and reducing pressure in environmental performance assessments (Xu and Li, 2022; Zheng and Guo, 2022). Wang Z. et al. (2023) mentioned that there is an obvious spatial correlation among interstate carbon emissions. Consequently, local governments might retain high-pollution enterprises or even attract pollution-intensive foreign investment.
The temporal span of low-carbon city pilot policies is extensive, and later batches of pilot cities possess certain latecomer advantages. They can leverage the successful experiences of earlier low-carbon cities (Zhang and Zhu, 2018), rapidly accumulate green development technologies and expertise, shift the focus of early policies, and improve the inflow of local FDI.
Based on this, the following hypothesis is proposed:
Hypothesis H1:. The impact of the LCCP policies on FDI in pilot cities varies across different batches, indicating temporal heterogeneity in the policies.
Most LCCP policies establish total carbon emission control targets and carbon peak requirements for cities. These policies involve the formation of specialized leadership teams by local governments to coordinate and oversee the implementation, delegating emission reduction tasks to enterprises and various departments (Zhuang, 2020). The government guides and regulates corporate production and operational activities through measures such as developing low-carbon development plans, formulating supporting policies, and establishing a system of accountability for targets. These policy measures influence the costs associated with enterprises’ production and operations, directly affecting the extent of policy support they receive and their development potential (Ramanathan et al., 2017). Just as the Pollution Haven Hypothesis, the LCCP policy can influence the flow of FDI. In a system where GDP is the primary evaluation metric (Deng, Y. et al., 2024), some regions might choose to lower environmental standards to attract these enterprises, thereby creating localized “pollution havens”. This tendency is also observed among pollution-intensive FIEs, which prefer to transfer their production activities to areas with relatively lax environmental regulations, potentially relocating either abroad or to non-pilot low-carbon cities. Namely, this may impede the entry of pollution-intensive foreign enterprises into pilot regions.
However, the impact of FIEs relocating to non-pilot areas is more complex. If the Pollution Haven Hypothesis holds true between regions, the relocation caused by the LCCP policy could result in significant sample selection bias, thereby affecting the net effects derived in this study. Therefore, we propose two competing hypotheses to empirically test whether the LCCP policy indeed generates such relocation and bias:
Hypothesis H2a:. The LCCP policy creates “pollution havens”, attracting pollution-intensive foreign enterprises to China.
Hypothesis H2b:. The LCCP policy does not create “pollution havens”, and thus does not attract pollution-intensive foreign enterprises to China.
Furthermore, from the perspectives of the Broad Industry Transfer Theory and the Porter Hypothesis, the displacement or obstruction of entry reduces the intensity of FDI in a region, thereby providing more investment opportunities that attract green and clean FDI. As mentioned above, low-carbon cities can improve energy efficiency (Wang Z. et al., 2023) and promote industrial structure upgrading (Zhao et al., 2024). This green transformation and innovative environment may attract more FDI with green technology advantages while simultaneously potentially inhibiting FDI that is technologically lagging or has weaker innovation capabilities, thereby affecting the cost structure of enterprises’ production. The potential cost advantages may attract more FDI focused on environmental protection technologies and clean production, but they may also increase overall production costs. In conjunction with the Porter Hypothesis, it can be inferred that foreign enterprises not yet operating in China may choose to establish themselves in other countries, while those already established in China (FIEs) may opt to increase their R&D investments to bridge the gap. Based on the above analysis, the following hypotheses are proposed:
Hypothesis H3:. The LCCP policy inhibits FDI by obstructing the entry of foreign enterprises into pilot regions, particularly by restraining pollution-intensive foreign enterprises.
Hypothesis H4:. The LCCP policy promotes FDI by attracting clean foreign enterprises to enter pilot regions and by encouraging existing FIEs to expand their investments.
These hypotheses are synthesized in Figure 2, which illustrates the conceptual framework linking LCCP mechanisms to FDI outcomes.
[image: Figure 2]FIGURE 2 | Theoretical framework.
3 EMPIRICAL METHODS AND DATA DESCRIPTION
3.1 DID model
To identify the impact of the LCCP policy on FDI, this study treats LCCP policy as a quasi-natural experiment. Referencing the research of Cheng et al. (2019) and Wei et al. (2023) this paper employs the difference-in-differences (DID) method and controls for city and year fixed effects. Subsequently, a series of robustness checks are conducted, and potential confounding policies are excluded to alleviate sample selection bias, thereby enhancing the reliability and accuracy of policy effect evaluations.
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In the regression model, [image: image] represents the scale of FDI in the i-th prefecture-level city in year t. [image: image] indicates whether the i-th prefecture-level city was approved as a low-carbon city pilot in year t, with its coefficient [image: image] being the primary focus of this study, measuring the overall treatment effect of the pilot policy. [image: image] refers to a set of control variables established at the prefecture-level city level. [image: image] and [image: image] denote city fixed effects and year fixed effects, respectively, capturing city-specific characteristics that do not vary over time and controlling for temporal factors present in each prefecture-level city.
Following Clarke’s (2017) approach, we specify the following model based on Equation 1 to test Hypothesis 2a:
[image: image]
Equation 2 relaxes the Stable Unit Treatment Value Assumption (SUTVA) by introducing a neighborhood treatment group, requiring only partial adherence to the SUTVA assumption. This approach allows for the estimation of both Treatment Effects and Close to Treatment Effects. Building upon Equation 1, a new set of control variables [image: image] is introduced. Here, [image: image] represents the geographical distance between cities (in kilometers, [image: image] ≥ 50), measured using the spherical distance between any two cities. If there exists a low-carbon city pilot within the spatial range of ([image: image] - 50, [image: image]] kilometers from city [image: image] in year [image: image], [image: image] is assigned a value of 1; otherwise, it is assigned 0. For example, [image: image] indicates whether there was a low-carbon city pilot within 50 km of city [image: image] in year [image: image]. Therefore, the coefficient [image: image] measures the impact of establishing a low-carbon city pilot on FDI in neighboring cities surrounding city [image: image]. Regressions are conducted using Equation 2 with distance increments of 50 km, and the results for each coefficient [image: image] are reported when s = 50, 100, …, 950, 1,000. By comparing the economic and statistical significance of [image: image] across different thresholds, the spatial spillover effects of the LCCP are tested, specifically examining the existence of “pollution havens”.
3.2 Data and variables
3.2.1 Explained variable
The explained variable in this study is the total actual foreign direct investment in the region (lnFDIit), which measures the impact of the policy at an aggregate level. The natural logarithm of the total actual FDI at the prefecture-level city is utilized to minimize multicollinearity and heteroscedasticity within the model as much as possible.
3.2.2 Explanatory variables
LCCPit is the interaction term between the time dummy variable and the region dummy variable. Based on the three batches of “Low-Carbon City Pilot Lists” announced by the National Development and Reform Commission in 2010, 2012, and 2017, the time dummy variable is assigned a value of 1 for the year of approval and the subsequent years, and 0 for the years prior to approval. Since the low-carbon city pilot projects were implemented in three separate batches, for cities selected in multiple batches, the time definition is based on the earliest implementation time. If a province is approved as a low-carbon pilot region, then all cities within that province are subjected to the LCCP. If a prefecture-level city is designated as a LCCP, then the region dummy variable is set to 1; otherwise, it is set to 0.
3.2.3 Control variables
Considering that the selection of LCCPs is not entirely random and that other city-level factors may have potential impacts on FDI, following the approaches of Zhang and Wang (2023) and Shao et al. (2022), this paper selects a series of control variables. These include: Economic Development Level (lnGDP), measured by the natural logarithm of per capita GDP, reflects the region’s economic strength and living standards. Infrastructure Construction Level (lninfra), calculated as the natural logarithm of per capita road area in prefecture-level cities, indicates the quality of urban infrastructure. Human Capital (lnHR), represented by the natural logarithm of students per 10,000 individuals, captures the region’s educational attainment and talent pool. Urbanization Level (urb), the ratio of urban permanent population to total permanent population, signifies the degree of urbanization and demographic structure. Government Intervention (gov), expressed as the proportion of general government expenditure to regional GDP, quantifies the extent of government involvement in the economy. Technological Innovation (tech), measured by the share of science and technology expenditure in general government expenditure, indicates regional innovation capacity. Marketization Level (market), calculated as the ratio of total urban private and individual employed personnel to the year-end number of employed personnel in urban work units, reflects the development of the private sector. Labor Costs (lnlabor), represented by the natural logarithm of average urban employee wages, provides insight into regional labor market conditions.
3.2.4 Data sources
This study selects panel data from 265 prefecture-level cities spanning the years 2007 to 2019. The period from 2007 to 2019 was chosen for three primary reasons: first, the COVID-19 pandemic in 2020 significantly altered various economic indicators, resulting in substantial differences compared to the pre-2020 period; second, the gradual nationwide promotion of successful pilot experiences in 2020 contradicts the fundamental assumptions of the DID methodology; third, FDI data prior to 2007 are severely lacking.
Due to severe data deficiencies, the research excludes regions such as Hong Kong, Macau, Taiwan, and Tibet, as well as specific prefecture-level cities in provinces including Gansu, Guizhou, Jilin, Ningxia, Guangdong, Hubei, Hainan, Yunnan, Qinghai, and Xinjiang. Additionally, the prefecture-level cities of Chaohu in Anhui and Laiwu in Shandong were excluded following their administrative dissolution. For cities with minor data gaps in specific years or variables, interpolation methods were employed to complete the missing values.
The data sources for this study include the National Bureau of Statistics, the “China City Statistical Yearbook”, and the State Administration for Industry and Commerce (SAIC) of China. Table 1 presents the descriptive statistics of the observed variables, including sample size, mean, standard deviation, minimum value, and maximum value.
TABLE 1 | Descriptive statistics of variables.
[image: Table 1]4 EMPIRICAL RESULTS
4.1 Baseline regression
Drawing inspiration from the concept of “group-time average treatment effects” where groups (g) are defined by the timing of initial treatment (Callaway and Sant’Anna, 2021), this section first examines the significance of the pilot effects and tests for heterogeneity across different LCCP batches using regressions based on Equation 1. ① For the first batch (g = 2010), we isolate its impact by either excluding second and third batch cities from the full sample (Model 1) or by focusing on the initial years 2007–2011 (Model 2). ② For the second batch (g = 2012), we estimate its effect by restricting the sample to 2007–2016 and removing first batch cities (Model 3), or by using the full sample while excluding first and third batch cities (Model 4). ③ Likewise, for the third batch (g = 2017), we estimate its impact by excluding the first two batches from the full sample (Model 5) or by using a restricted 2013–2019 sample, again excluding the earlier batches (Model 6). Beyond these individual batch assessments, we also utilize a multi-period DID model to estimate the average treatment effects considering the staggered rollout across all batches (Models 7, 8, 9). Table 2, columns (1) through (9), presents the estimation results from all these approaches.
TABLE 2 | Regression results for different batches of LCCP policies.
[image: Table 2]Based on the regression results, the coefficients of LCCP in Models (1), (7) and (9) are all significantly negative. Models (1) and (2) indicate that the first batch of the LCCP policies does not have a significant impact on FDI in the short term. However, Models (3) and (4) show that the impact of the second batch of pilot policies on FDI is not statistically significant. Conversely, according to Columns (5) and (6), the third batch of pilot policies significantly promotes FDI. Model (9) shows that, overall, the LCCP policies exert a significant negative effect on FDI. Notably, the absolute value of the LCCP coefficient in this model is the smallest among all models showing a negative effect, which indirectly reflects the existence of the third batch’s positive impact. These findings suggest that the three batches of pilot policies exhibit strong temporal heterogeneity, thereby supporting Hypothesis H1.
Likewise, Lyu et al. (2023) found that the effects of the third batch of policies are inferior to those of the first two batches and may even lead to an increase in carbon emissions. This discrepancy may be attributed to the fact that the first batch of pilots was selected through a non-public central selection process, prioritizing cities with better foundational conditions. In contrast, the second and third batches gradually expanded to include second-, third-, and fourth-tier prefecture-level cities, with more comprehensive considerations (Zhuang, 2020). The latter two batches of pilot cities are less attractive to foreign investment compared to the first batch, resulting in a smaller impact on local FDI. Furthermore, the third batch of pilots may incorporated experiences from previous batches and adopted context-specific governance measures.
4.2 Robustness tests
4.2.1 Parallel trends test and baseline model selection
To determine whether the changes in FDI is attributable to the implementation of the pilot policies, a more detailed examination is necessary. Drawing on the approach of Beck et al. (2010), this study employs an event study methodology to test the pre-treatment parallel trends and the dynamic effects of the policies. The model is specified as follows:
[image: image]
In Equation 3, [image: image] is a dummy variable representing the external policy shock. Here, [image: image] denotes the number of years from the start of the sample to the policy implementation ([image: image] < 0), and post denotes the number of years from the policy implementation to the end of the sample [image: image] > 0). The variable [image: image] takes the value of 1 if a city in the treatment group is observed [image: image] years before the policy shock ([image: image] < 0) or n years after the policy shock ([image: image] ≥ 0), and 0 otherwise. The estimated coefficient of [image: image] captures the difference in FDI between pilot cities and non-pilot cities relative to the base period. All other variables are defined as in Equation 1. To avoid multicollinearity, the period immediately before the policy implementation ([image: image] = −1) is designated as the base period.
As shown in Figure 3, which presents the parallel trend test results obtained from Equation 3, before the announcement of the pilot list, there were no pre-existing differences in FDI between pilot cities and non-pilot cities for models (1), (5), (6), (7), and (9), satisfying the parallel trends assumption of the DID model.
[image: Figure 3]FIGURE 3 | Parallel trend test.
Examining the models that passed the parallel trends test: Model (1), corresponding to the first batch of pilots, shows partially significant negative and small estimated coefficients for the first 4 years after the pilot list announcement. From the fifth year onwards, the suppressive effect on FDI intensifies, demonstrating a certain lag. Starting from the seventh year after the first batch of pilots, the suppressive effect gradually weakens, showing a U-shaped pattern over time. Models (5) and (6), corresponding to the third batch of pilots, differ from the first batch in that the policy not only promoted FDI but also had a rapid response. Models (7) and (9) employ the staggered DID approach, providing additional support for the robustness of our findings. However, the coefficients for the pre- and post-periods may be slightly affected by the second batch of pilots, showing minor fluctuations but passing the parallel trends test and remaining significant in the post-period. This further supports the notion that using a staggered difference-in-differences model to study the three batches of pilot policies may overlook the heterogeneity of policies from different batches (Hypothesis H1).
In summary, the pilot policies from different batches exhibit characteristics of heterogeneity and lag, echoing the research findings of Lyu et al. (2023). Considering the impact of pre-treatment fluctuations, this paper uses Model (1) corresponding to the first batch of pilot cities (2010) and Model (5) corresponding to the third batch of pilot cities (2017) as baseline regressions, and conducts a series of robustness tests, mechanism analyses, and heterogeneity analyses.
4.2.2 Sensitivity analysis of the parallel trends assumption
However, pre-treatment trend tests cannot be considered as definitive empirical evidence for the parallel trends assumption (Roth et al., 2023). Drawing on the parallel trends sensitivity analysis method proposed by Rambachan and Roth (2023), we examine the impact of violations of the parallel trends assumption on event study point estimates and confidence intervals through relative deviation degree restrictions. Following the approach of Biasi and Sarsons (2022), we set the maximum deviation degree Mbar = 1 × standard error to test the sensitivity of the treatment effect to parallel trends after the implementation of the LCCP policy.
Figures 4, 5 present sensitivity tests for the periods where the policy effects are significantly different from zero after policy implementation in Models (1) and (5). The test results show that the confidence intervals under deviation degree restrictions do not include 0. This implies that even if there are some deviations from parallel trends, the LCCP policy still significantly affects FDI.
[image: Figure 4]FIGURE 4 | Sensitivity analysis of the parallel trends assumption for Model (1).
[image: Figure 5]FIGURE 5 | Sensitivity analysis of the parallel trends assumption for Model (5).
4.2.3 Heterogeneous treatment effects test
Moreover, Goodman-Bacon (2021) points out that even when the parallel trends assumption is satisfied, the staggered DID method may still face a “bad control group” problem due to inconsistent treatment timings. de Chaisemartin and D’Haultfœuille (2020) emphasize that the heterogeneity of treatment effects is an important cause of bias in two-way fixed effects models, which may still exist in research scenarios where the same policy is implemented at the same time.
To address this issue, we employ the DID estimator for multiple periods and groups (DIDM) proposed by de Chaisemartin and D’Haultfœuille to diagnose potential heterogeneous treatment effects in the baseline regression, and obtain the event study graph (Figure 6). The results show that the DIDM results are largely consistent with the baseline regression. In terms of weighted average treatment effects, the policy effect for Model (1) is −0.557 (t-value −5.439), and for Model (5) is 0.430 (t-value 2.707), confirming the robustness of the research conclusions.
[image: Figure 6]FIGURE 6 | Event study analysis using DIDM.
4.2.4 Application of synthetic difference-in-differences
The synthetic difference-in-differences (SDID) method proposed by Arkhangelsky et al. (2021) is employed in this study. This method introduces appropriate individual and time weights, eliminating the need for strict parallel trends assumptions. The SDID model is used to estimate the average treatment effect of the LCCP policy, with results reported in Table 3. The table shows that the average treatment effect estimated by the SDID model is consistent with the conclusions from the baseline regression, further verifying the robustness of the research results.
TABLE 3 | Average treatment effects estimated by SDID.
[image: Table 3]4.2.5 Excluding interference from other policies
To further eliminate interference from other policies and more cleanly identify the policy impact effect of low-carbon city construction on FDI, this paper, through a review of policy documents, found that the list of Key Regions for Air Pollution Prevention and Control (KRAPC) outlined in the “Announcement on Implementing Special Emission Limits for Air Pollutants” published by the Ministry of Ecology and Environment in 2013 and the “Three-Year Action Plan for Winning the Blue Sky Defense Battle” published in 2018, the Free Trade Zones (FTZ) gradually established since 2013, and the Pilot Zones for Green Finance Reform and Innovation (PZGFRI) implemented progressively since 2017 might produce effects similar to the LCCP policy. Therefore, we incorporate dummy variables for KRAPC, FTZ, and PZGFRI into the baseline regression model to mitigate potential interference from these concurrent policies when estimating the LCCP effect. Based on Equation 1, the following equation is established:
[image: image]
In Equation 4, [image: image], [image: image] and [image: image] are the DID estimators constructed in the same manner as [image: image].
Table 4 reports the corresponding estimation results. It can be observed that the core explanatory variable LCCP in models (1) and (5) remains significant. Therefore, the impact of the LCCP policy on FDI is indeed caused by this policy, rather than others.
TABLE 4 | Excluding concurrent policies.
[image: Table 4]4.2.6 Placebo tests
The selection of the LCCP policy is not entirely random. To rule out potential confounding factors and verify the reliability of the baseline regression results, following Chen et al.’s (2025) approach, this paper further conducts in-time placebo tests, in-space placebo tests, and mixed placebo tests.
The treatment time for the 2010 treatment group is moved 1 to 2 periods earlier, and the treatment time for the 2017 treatment group is moved 1 to 3 periods earlier for regression analysis in the in-time placebo tests. The results are shown in Figure 7. The P-values of all placebo effects are greater than 0.1, and the 95% confidence intervals of all placebo effects include 0. Therefore, the in-time placebo test is passed.
[image: Figure 7]FIGURE 7 | In-time placebo tests.
The core explanatory variable, LCCP, is randomly sampled 1,000 times without replacement and regressed using the DID method, resulting in Figure 8. From the regression distribution graph, it can be seen that the estimation results of the virtual samples are normally distributed around the value of 0. The estimated coefficient of the baseline regression for the 2010 group (Model 1) falls completely outside the distribution of the virtual sample results, while the estimated coefficient for the 2017 group falls in the right tail of the distribution. This means that the baseline regression results of this paper have passed the placebo test.
[image: Figure 8]FIGURE 8 | In-space placebo tests.
For the mixed placebo tests (Figure 9), the estimated coefficients of randomly assigned virtual pilot cities and virtual policy time points basically show a normal distribution centered at 0. The real regression coefficients are all located in the tail of the placebo effect distribution, thus passing the placebo test.
[image: Figure 9]FIGURE 9 | Mixed placebo tests.
4.2.7 Replacing the explained variable
To ensure the robustness of the baseline results, the per capita actually utilized foreign direct investment (lnperFDI) is used as the alternative explained variable in Equation 1. As can be seen from the regression results in Table 5, the coefficients of LCCP are all significant at the 1% level. This corroborates the robustness of the above baseline analysis.
TABLE 5 | Replacing the explained variable and including time trends.
[image: Table 5]4.2.8 Including time trends
The selection of cities for the LCCP policy may have considered certain specific criteria. If these criteria could also influence economic development trends, then the differences in FDI between pilot and non-pilot regions after policy implementation might be due to these selection criteria, potentially biasing the estimation results of Equation 1. To address this potential issue, following the approach of Huang and Yi (2023), we further control for the interaction terms between the pilot selection variables and the first, second, and third order time variables based on Equation 1. The regression results are shown in Table 5, where the coefficient of LCCP remains significant.
5 MECHANISM ANALYSIS
Given the significant impact of LCCP on FDI, how would foreign-invested enterprises (FIEs) respond at the micro level? Therefore, following the approach of Tian and Xu (2022), we obtained data on the establishment of FIEs from the State Administration for Industry and Commerce (SAIC) of China. In line with the National Bureau of Statistics’ statistical criteria, we use the number of newly established FIEs to examine the impact of the pilot policy on FIEs in different industries. FIEs include Chinese-foreign equity joint ventures, Chinese-foreign cooperative joint ventures, wholly foreign-owned enterprises, and foreign-invested joint stock limited companies.
5.1 Industry classification of FIEs
5.1.1 Polluting industries
Based on industry characteristics and environmental impact, and according to the “National Economic Industry Classification” (GB/T 4754-2017), enterprises are categorized into polluting industries and non-polluting industries. Specifically, polluting industries mainly include the following categories: chemical manufacturing, metal smelting and processing, mineral extraction, textile dyeing and printing, paper and paper products manufacturing, building materials manufacturing, energy production and supply, and other high-pollution industries (Shi et al., 2019). Industries other than those listed above are classified as non-polluting industries.
5.1.2 Clean industries and high-tech industries
Within non-polluting industries, following the approach of Lyu and Yu (2020), we further distinguish between non-polluting non-high-tech industries and high-tech industries, and considers non-polluting non-high-tech industries as clean industries. Based on the “Classification of High-tech Industries (Manufacturing) (2017)” issued by the National Bureau of Statistics, high-tech industries are identified as follows: pharmaceutical manufacturing, aerospace vehicle and equipment manufacturing, electronic and telecommunications equipment manufacturing, computer and office equipment manufacturing, and medical equipment and instrument manufacturing industry. However, as the database does not contain information on electronic chemicals manufacturing industry, this category is not considered in our analysis.
5.1.3 Model specification

[image: image]
Based on Equation 1, we replace the explained variable with the logarithm of the number of newly established FIEs in city [image: image] in year [image: image] plus one ([image: image]), resulting in Equation 5. We then further differentiate this into the number of enterprises in polluting industries ([image: image]), clean industries ([image: image]), and high-tech industries ([image: image]) to examine the mechanism through which the policy operates.
5.2 The first batch: hindering the entry of polluting and high-tech FIEs
According to the regression results (Table 6), overall, the first batch of the LCCP policy did not significantly deter FIEs from entering pilot regions. A possible reason is that the policy primarily focused on “carbon reduction” and “decarbonization” measures in high-carbon industries. Therefore, without distinguishing industry carbon attributes, the pilot policy had limited impact on foreign enterprise decision-making at the aggregate level.
TABLE 6 | Mechanism test for the first batch of LCCP policies.
[image: Table 6]Further examining the mechanism by differentiating industries, using the number of newly established enterprises in polluting industries ([image: image]), the results show that the 2010 batch of pilots significantly inhibited polluting industry foreign enterprises from entering pilot regions. Using the number of established clean industry enterprises ([image: image]) as the explained variable, the first batch of pilots did not significantly inhibit clean foreign enterprises from entering. However, the pilot policy significantly inhibited high-tech industry enterprises ([image: image]) from entering China. This indicates that the first batch of pilots may have increased operational costs for enterprises, demonstrating a “crowding-out effect”, partially confirming Hypothesis H3.
5.3 The third batch: investment expansion by existing FIEs
The regression results in Table 7 indicate that the third batch of pilot policies did not significantly promote the entry of FIEs into China, with results remaining insignificant across different industries. The insignificance of the coefficient for the number of newly established FIEs in polluting industries ([image: image]) provides partial support for Hypothesis H2b. This suggests that the growth in FDI inflows to the third batch of pilot cities was not due to a “pollution haven” effect, and thus the estimation of the net effect in the main regression was not affected. Furthermore, the general insignificance of the coefficients suggests that the growth in FDI inflows was achieved through existing FIEs expanding their investment scale, which indicates that the Porter Hypothesis holds to a certain degree in China, partially supporting Hypothesis H4.
TABLE 7 | Mechanism test for the third batch of LCCP policies.
[image: Table 7]5.4 Comprehensive mechanism analysis
A comprehensive analysis of the effects of two batches of LCCP policies reveals that these policies have played a significant role in promoting the structural adjustment of FDI. Empirical results indicate that the pilot policies have had a deterrent effect on polluting and high-tech foreign enterprises entering China, reflecting the selective impact of the policies on FDI quality. Enterprises that choose to continue investing in China demonstrate a stronger willingness to comply and innovate, rather than adopting a “beggar-thy-neighbor” strategy by relocating to non-pilot areas. Instead, they adapt to the new policy environment by increasing investment, a phenomenon partially consistent with the “Porter Hypothesis”. This dynamic adjustment process not only optimizes the industrial layout of FIEs but also further strengthens the guiding role of LCCP policy in optimizing the FDI structure.
However, the reason for such a significant difference between the first batch of pilots and the third batch of pilots remains unknown and requires further research examining more detailed policy texts and specific implementation measures.
6 HETEROGENEITY ANALYSIS
6.1 Regional differences in FDI
From the baseline regression, we concluded that LCCP policy have a significant impact on FDI inflows. The question then arises: does this impact exhibit heterogeneity due to differences in foreign investment saturation levels? Considering the actual situation of foreign investment entering China, FDI has mainly flowed from the eastern coastal areas to the central and western regions gradually. This study examines the heterogeneity of pilot policy effects by dividing the sample into eastern, central, and western regions.
According to the regression results (Table 8), the first batch of pilots had a significant hindering effect on foreign investment inflows in the central region, with this effect being significant at the 1% confidence level. A possible explanation is that under environmental regulation policies, there might be a non-linear relationship between foreign investment saturation and FDI. The central region may be at the “inflection point” of this non-linear relationship, amplifying the policy effect. The central region differs from the highly saturated eastern region (where foreign investors have high sunk costs) and the western region (which still has ample space and investment opportunities). At the same time, the central region may have attracted more industries sensitive to environmental policies, ultimately suppressing FDI through existing enterprises stopping investment or exiting China.
TABLE 8 | Regional heterogeneity of the first batch of LCCP policies.
[image: Table 8]For the third batch of pilots (Table 9), except for the eastern region, they had a significant promoting effect on FDI in both central and western regions, with the strongest promoting effect in the western region. However, the growth in the central region did not pass the inter-group coefficient difference test. Combining these findings with the mechanism analysis section, this growth trend aligns with the process of foreign investment entering China, and importantly, this growth is not due to the “Pollution Haven” effect.
TABLE 9 | Regional heterogeneity of the third batch of LCCP policies.
[image: Table 9]6.2 Resource endowment heterogeneity
This section further examines the potential differences in policy effects between resource-based cities and non-resource-based cities. Due to the unique economic structure and development patterns of resource-based cities, they may have different responses and adaptability to LCCP policies. This heterogeneity analysis not only helps us comprehensively understand the impact mechanism of low-carbon policies but also provides important basis for formulating and implementing environmental policies tailored to local conditions.
According to Table 10, the first batch of pilots had a greater inhibitory effect on FDI in resource-based cities compared to non-resource-based cities. This might be because their industrial structure is more dependent on high energy-consuming and high-emission industries, facing higher transformation costs and compliance pressures. The third batch of pilots, however, had a greater promoting effect on FDI inflows in non-resource-based cities, indicating that non-resource-based cities have successfully transitioned, while resource-based cities may need more time for adjustment. Resource-based cities face greater difficulties in transition due to path dependence, making it challenging to effectively attract new foreign investment in the short term. This analysis highlights the importance of considering resource endowment when implementing low-carbon policies and suggests that different strategies may be needed for resource-based and non-resource-based cities to achieve optimal results in attracting FDI while pursuing environmental goals.
TABLE 10 | City type heterogeneity.
[image: Table 10]6.3 Rigor of policy implementation
Differences in local implementation capacity, governance quality, and political incentives can also affect the policy’s effectiveness. Regarding political incentives, officials with higher advancement prospects may be more motivated to actively implement LCCP policies for strong results. In contrast, those with lower promotion prospects might exert minimal effort, prioritizing a stable exit over ambitious environmental goals, aiming only for baseline compliance (Zeng and Zhou, 2024). Drawing on data from Yao et al. (2020) and referencing the methodology of Cao et al. (2019), we define the promotion incentive variable based on the timing of policy implementation: Party Secretaries aged 55–58 in the year of policy implementation are classified into the High Promotion Incentive group; for municipalities, this age range is extended to 60–63. The remaining sample constitutes the Low Promotion Incentive group. Table 11 shows the high-incentive group had a smaller LCCP impact in the first batch but a significantly larger FDI-promoting effect in the third batch compared to the low-incentive group, which indicates that the policy implementation intensity of local governments is an important factor affecting the policy effect.
TABLE 11 | Promotion incentive heterogeneity.
[image: Table 11]7 FURTHER EXAMINATION OF THE “POLLUTION HAVEN” HYPOTHESIS
Figure 10 depicts the trend of [image: image] coefficient changes with spatial distance based on the estimation results of Equation 2.
[image: Figure 10]FIGURE 10 | Spatial spillover effects.
7.1 The first batch: no pollution haven effect
For model (1), the coefficients of [image: image] show no significant difference outside the pilot cities, indicating that the first batch of LCCP policies did not lead to obvious FDI transfer or significant growth in surrounding cities, ruling out the “Pollution Haven” effect of pollution transfer between regions in China. Thus, Hypothesis H2b is confirmed, meaning the first batch of pilot cities did not generate a Pollution Haven Effect and the estimation of the net effect in the main regression was not affected. Surrounding pilots might adopt a “status quo” strategy.
7.2 The third batch: positive driving effect
For model (5), the LCCP policy formed an “agglomeration shadow” zone within 150 km; however, in cities 150–200 km away, the pilots had a significant promoting effect on FDI inflows; beyond 200 km, the driving effect of pilots on surrounding cities’ economic growth gradually weakened to insignificant levels, showing a “∽”-shaped random fluctuation. This is similar to Zhang and Wang (2023) study on the effects of LCCP policies on urban resilience.
The spatial effect distribution in model (5) may be due to the following reasons: When cities are too close to the pilots, the FDI driving effect is not obvious due to the agglomeration shadow zone; only when cities exceed a certain distance threshold, escaping the agglomeration shadow zone (Cuberes et al., 2019), local governments may face competitive pressure from nearby “exemplars” due to policy guidance and environmental optimization, enhancing the attractiveness to high-quality foreign investment and creating a demonstration effect (Zheng and Guo, 2022). When cities are too far from the pilots, under a “weak constraint” policy environment, local governments face less governance pressure and tend to choose a “conservative” strategy, leading to a gradual decline and eventual insignificance of the driving effect. Wang et al. (2022) and Wang et al. (2025) similarly found that regional differences of the carbon emissions of the construction industry and construction waste exhibit strong spatial heterogeneity, providing insights into spatial spillover effects from different perspectives.
It is worth noting that although the LCCP policy formed an agglomeration shadow zone within 150 km, its impact is not significant. This result suggests that the pilot policy’s promoting effect on urban foreign investment inflows is not achieved through spatial reallocation of stock resources, but shows a significant net growth effect. This finding emphasizes, from a spatial perspective, the positive role of LCCP policies in promoting regional economic development and attracting foreign investment, consistent with the conclusion in the mechanism analysis that the third batch of pilot policies promoted FDI through existing foreign enterprises expanding investment scale rather than promoting new foreign enterprises to settle in China (corresponding to the latter part of Hypothesis H4).
8 CONCLUSION
8.1 Key findings
Our analysis reveals China’s weakly binding Low-Carbon City Pilot (LCCP) policy exhibited significant temporal heterogeneity in its impact on Foreign Direct Investment (FDI): the initial 2010 batch inhibited FDI inflows by deterring polluting and high-tech entrants, while the later 2017 batch significantly promoted FDI by encouraging existing foreign firms’ investment expansion. These findings challenge the Pollution Haven Hypothesis in this context, demonstrating evolving adaptation of foreign-invested enterprises (FIEs) under weakly binding regulations.
8.2 Theoretical contributions and policy implications
8.2.1 Theoretical contribution
This study uniquely contributes by analyzing the complex, evolving effects of a weakly binding environmental policy on FDI. It highlights that under such flexibility, firm strategies involve not just compliance but active adaptation, explaining the shift from initial entry deterrence to later investment expansion by incumbents.
8.2.2 Policy implications
The results suggest that appropriately flexible or moderately lenient environmental policies can serve as an effective screening mechanism for FIEs, attracting firms willing to adapt and innovate, thereby enhancing overall FDI quality, as evidenced by the third batch’s outcomes. Policymakers should leverage this by designing adaptive regulations, supporting incumbent transitions, tailoring regional approaches, and aligning local incentives. Specifically, our enhanced policy recommendations include:
Designing Adaptive and Dynamic Environmental Regulations: Given observed temporal heterogeneity, policies should incorporate mechanisms for regular review, evaluation, and flexible adaptation to maximize effectiveness. Differentiated policies and targets are needed to align with regional diversity and specific local conditions.
Supporting Incumbent Industries and Foreign-Invested Enterprises (FIEs) in Green Transitions: Given the challenges resource-based cities have faced in their transition, targeted support, including financial incentives and technical assistance, is crucial to facilitate the green transformation of existing industries and FIEs.
Aligning Local Government Incentives and Performance Evaluation: Integrating environmental performance into cadre evaluation systems and reforming fiscal transfers will ensure stronger commitment and effective policy implementation.
8.2.3 International context
China’s experience indicates that exploring moderate, adaptable environmental regulations, rather than solely stringent mandates, offers a potentially viable pathway for other developing or transition economies. This approach can help balance growth and sustainability, potentially fostering innovation and attracting higher-quality FDI without necessarily triggering widespread capital flight.
8.2.4 Practical significance
This offers a novel pathway for achieving sustainable development goals. Rather than being ineffective, loosely constrained environmental policies may, through their inherent flexibility, stimulate innovation and guide high-quality FDI, thus enabling policymakers to more accurately reconcile environmental and economic aims.
8.3 Outlook: limitations and future research
Key limitations include the lack of firm exit data and the difficulty in pinpointing the exact policy elements driving batch heterogeneity from econometric analysis alone. Future research should prioritize using Natural Language Processing (NLP) techniques on regional policy texts to systematically analyze the specific implementation processes and variations across pilot cities and batches, thereby providing deeper insights into the mechanisms behind the observed heterogeneous effects. Combining this with firm-level exit data would offer a more comprehensive understanding.
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