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Abstract: Whether environmental regulation “forces” or “crowds out” corporate 
green innovation is both the core proposition of the four-decade Porter hypothesis 
debate and a practical concern for policy design under China’s “dual-carbon” goals. 
Taking the low-carbon city pilots established in three waves in 2010, 2012, and 
2017 as a quasi-natural experiment, this paper uses panel data of 4957 Chinese A-
share listed companies over 2008–2023 and a staggered difference-in-differences 
(DID) model to systematically examine the effect of the pilot policy on corporate 
green invention patent applications. The findings are as follows. (1) The low-carbon 
city pilot significantly promotes corporate green invention patent applications, 
raising them by about 5.6% on average for firms in pilot cities, which supports the 
“forcing” mechanism of the weak Porter hypothesis. (2) Financing constraints are 
the key threshold determining whether firms benefit: the policy effect is 
significantly positive for firms with lower financing constraints, whereas resource-
constrained firms obtain no significant improvement. This study provides direct 
micro-level evidence for the “conditional validity” of the Porter hypothesis in the 
Chinese context: the policy produces a “forcing” effect on average, but the 
distribution of its benefits is moderated by firm resource endowments, and an 
innovation-offset threshold exists—firms that cross it benefit, while those that do 
not show no significant effect. The paper provides new evidence from Chinese 
firms on the relationship between environmental regulation and corporate green 
innovation and offers implications for differentiated environmental policy design. 

 Keywords: low-carbon city pilot; green innovation; Porter hypothesis; staggered 
difference-in-differences; firm heterogeneity 

1. Introduction 

In July 2010, the National Development and Reform Commission (NDRC) issued a notice launching the first 
wave of low-carbon pilots in five provinces and eight cities, including Guangdong and Liaoning. For firms in pilot 
cities, the policy made clear that total carbon emissions and emission intensity would gradually be constrained, so 
that a green transition had become inevitable. Faced with new compliance costs and policy signals, firms must 
choose: to continue carbon-intensive production and concentrate resources on expanding output, or to invest early 
in green technologies and patents and turn environmental constraints into innovation opportunities. Behind this 
choice lies precisely the proposition that environmental economics has debated for four decades: does 
environmental regulation “force” or “crowd out” corporate innovation? 

The claim that “strict but well-designed environmental regulation can improve both the environment and 
competitiveness by stimulating innovation” has triggered a lasting debate [1–4]. The traditional view holds that 
pollution-reducing regulation inevitably raises compliance costs and crowds out R&D resources, thereby 
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suppressing innovation [3]; the Porter hypothesis instead emphasizes that the “innovation offsets” released by 
regulation can partly or even fully offset compliance costs [2]. Which mechanism dominates depends on the 
regulatory design and on whether firms can cross the innovation-offset threshold. 

China is undergoing an environmental governance experiment of unprecedented scale. To implement carbon 
emission control targets and promote green development, the NDRC approved low-carbon city pilots in three 
waves, in 2010, 2012, and 2017, covering hundreds of cities. Oriented toward the dual control of total carbon 
emissions and emission intensity, this policy created clear compliance expectations for firms and constitutes an 
ideal quasi-natural experiment for testing the Porter hypothesis: firms in pilot and non-pilot cities faced a similar 
institutional environment before the policy, while the staggered, gradual rollout provides time-dimension variation 
for identification. 

However, existing evidence is still insufficient to answer how the pilot affects firm-level green innovation. 
Most low-carbon pilot studies remain at the city or provincial macro level [5–8], and firm-level evidence remains 
relatively scarce; the few studies that touch on corporate green innovation [9–11] also rarely distinguish, within a 
unified framework, how the “forcing” and “crowding-out” mechanisms are distributed across firm types; 
moreover, staggered DID may be biased under heterogeneous treatment effects [12–15], a challenge that some 
earlier studies have not fully addressed. In this respect, the impact of the low-carbon pilot on corporate green 
innovation is far from settled. 

Using panel data of Chinese A-share listed companies over 2008–2023 and a staggered difference-in-
differences method, this paper systematically examines the effect of the low-carbon city pilot on corporate green 
innovation and its heterogeneity. The paper’s marginal contributions are threefold. First, in identification, it 
constructs a staggered DID based on the three-wave quasi-natural experiment, accompanied by parallel trends, 
PSM, and dynamic effect tests, and directly addresses the estimation bias of staggered DID. Second, in evidence, 
the paper distinguishes green patent types and finds that the policy effect is concentrated in green invention patent 
applications and grants, whereas green utility-model applications and total green patent applications are both 
insignificant, indicating that the observed increase more likely reflects a reallocation of innovation resources 
toward substantive green inventions rather than a net expansion of total green innovation; Third, in mechanism, 
the paper identifies financing constraints as the resource threshold: firms with low constraints exhibit significantly 
positive effects while firms with high constraints show no significant gains, providing direct micro-level evidence 
for the “conditional validity” of the Porter hypothesis. 

2. Theoretical Analysis and Research Hypotheses 

The core of the four-decade Porter hypothesis debate is not whether environmental regulation affects 
innovation, but the direction and conditions of that effect. In empirical studies, evidence supporting “forcing” and 
“crowding out” coexists: rising energy prices induce energy-saving patents [16], and carbon taxes drive clean 
technology transitions [17,18]; at the same time, stringent regulation has also depressed total factor productivity 
in manufacturing [19–23]. Since both forces can genuinely exist, under the same policy shock, what types of firms 
are “forced” and what types are “crowded out”? Where is the boundary between the two? 

2.1. Microfoundations of the Forcing Effect 

The core claim of the weak Porter hypothesis is that environmental regulation can stimulate innovation [24–
26]. Its premise is that regulation conveys new and credible information to firms, prompting them to discover 
innovation opportunities obscured by existing routines [2]; when managerial inertia and incomplete information 
are present, the “no free lunch” assumption no longer holds [3], and compliance pressure can be converted into 
innovation incentives. Evidence from the following two decades broadly supports this logic: pollution abatement 
expenditure raised R&D and patent applications in US manufacturing [24,27]; evidence from Japanese 
manufacturing likewise shows that regulatory investment raises productivity [28]; renewable energy policies 
significantly promote green technology patents [29,30]; and OECD studies distinguishing the weak and strong 
Porter hypotheses also find that environmental policy has a robust stimulating effect on innovation [31]. 

China’s low-carbon city pilot provides an ideal setting for testing the weak Porter hypothesis. The pilot takes 
the dual control of total carbon emissions and emission intensity as its core task and is supported by measures such 
as low-carbon industry cultivation and green finance innovation, creating compliance expectations for firms. 
Existing studies find green growth promotion effects at the city level [5], improvements in carbon emission 
efficiency [6,32], and increases in corporate low-carbon innovation [10,33], while firm-level evidence shows that 
the policy effect is significant and concentrated among firms with lower financing constraints [34], with public 
environmental concern serving as an important mediating channel [35]. This paper argues that the pilot policy 
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“forces” corporate green innovation through two channels. First, the compliance signal. The dual control of total 
emissions and intensity constitutes a predictable compliance constraint that requires firms to plan technological 
responses in advance; green patents are both the technological proof of compliance and the credentials for applying 
for policy subsidies and green finance support. Second, the policy expectation. Supportive measures in pilot cities 
lower firms’ expected costs of developing green innovation. Accordingly, we propose: 

H1: The low-carbon city pilot policy significantly promotes the green invention patent applications of firms in 
pilot cities. 

2.2. The Boundary between Forcing and Crowding Out 

If the forcing effect held universally, there would be no room for the Porter hypothesis debate. The 
disagreement arises precisely from the “threshold” nature of innovation offsets. Review studies have long pointed 
out that the weak Porter hypothesis holds conditional on firm resources, industry characteristics, and the 
institutional environment [4], and financing constraints are among the most central resource constraints [36–38]. 
Specifically, this resource threshold consists mainly of two conditions: financing constraints and the sunk costs of 
innovation investment. When compliance costs exceed the innovation investment that firms can bear and 
transform, compliance pressure does not “force” but “crowds out” innovation [3,19]. 

In mechanism, “crowding out” is not a simple contraction at the aggregate level, but the result of two 
superimposed channels. First, the substitution effect. For resource-constrained firms, compliance costs (pollution 
abatement investment, emission-standard retrofits) directly crowd out the cash flow available for R&D, forcing 
R&D expenditure to shrink. Second, the irreversibility effect. Fixed investment in green patent portfolios is sunk 
in nature: once the funding chain tightens or the policy environment becomes uncertain, early investment is 
difficult to recover, and firms are more likely to suspend long-term innovation plans. Together, these two channels 
turn the effect of compliance pressure on corporate green innovation from “forcing” into “crowding out”. 

The threshold logic implies a clear stratification of firms under the pilot policy. State-owned firms respond 
consistently with policy objectives and face small financing constraints, enabling them to bear the upfront 
investment of green innovation; large firms have abundant resources, can absorb the sunk costs of green patent 
portfolios, and capture scale-based innovation offsets; heavily polluting firms face the deepest emission constraints 
and the greatest compliance pressure, giving them the strongest green innovation incentives. Firms with these 
characteristics are all more likely to cross the innovation-offset threshold. However, type differences are not the 
essence of the threshold: characteristics such as firm size, ownership, and pollution intensity are highly correlated 
with resource endowments, so type stratification may merely approximate the resource threshold. A more 
explanatory stratification should fall directly on firm resource endowments—especially financing constraints. 
Accordingly, we propose: 

H2: The effect of the policy on corporate green innovation is subject to a resource threshold. Firms with lower 
financing constraints can cross the threshold and obtain a positive “forcing” effect; firms with higher financing 
constraints, limited by resources, exhibit no significant policy effect. 

3. Research Design 

3.1. Policy Background and Identification Strategy 

In 2010, the NDRC issued a notice launching low-carbon province and city pilots, the first wave comprising 
five provinces and eight cities including Guangdong and Liaoning, with the second and third waves added in 2012 
and 2017. Pilot cities undertake tasks such as controlling total carbon emissions and intensity, cultivating low-
carbon industries, and innovating green finance. Three features of the policy constitute the basis for identification: 
the staggered, gradual rollout provides time-dimension variation; the announcement of the pilot list is exogenous, 
as firms can hardly anticipate the timing of inclusion; and the policy is consistent with the subsequent “dual-
carbon” strategy, forming a sustained and credible commitment. 

This paper adopts a staggered difference-in-differences design. Firms in pilot cities are the treated group and 
firms in non-pilot cities the control group, and we compare the relative change in green innovation between the 
two groups before and after the policy. Identification relies on the parallel trends assumption: absent the policy 
intervention, green innovation in the treated and control groups would evolve along parallel paths. 
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3.2. Sample and Data 

The sample comprises Chinese A-share listed companies over 2008–2023. After excluding ST and ST* firms, 
firms in the financial industry, and observations with missing key variables, we obtain 4957 firms and 47,146 firm-
year observations. Green patent data come from the patent database of the China National Intellectual Property 
Administration, with green invention patent applications measuring corporate green innovation and total green 
patent applications and grants serving as robustness replacements; corporate financial and governance data come 
from the CSMAR database; and the list of low-carbon pilot cities comes from the NDRC’s successive approval 
documents. We winsorize green invention patent applications, total green patent applications, total green patents 
granted, firm size, leverage, and return on assets at the 1st and 99th percentiles, and set missing values of 
environmental regulation intensity to zero; Table 1 reports the descriptive statistics after these treatments. 

Table 1. Descriptive statistics of the main variables. 

Variable Definition Mean Sd Min Max 
lngrpat_app_inv Green invention patent applications, ln(1 + x) 0.567 0.966 0 4.331 
lngrpat_app_total Total green patent applications, ln(1 + x) 0.835 1.171 0 4.796 
lngrpat_grant_total Total green patents granted, ln(1 + x) 0.649 1.000 0 4.159 
size Firm size 22.110 1.315 19.511 26.190 
lev Leverage ratio 0.423 0.213 0.051 0.965 
roa Return on assets 0.036 0.070 −0.304 0.212 
age Firm age (years) 18.183 6.321 0 65 
top1 Largest shareholder ownership (%) 34.313 15.258 0.290 100 
boardsize Board size 8.498 1.696 0 18 
indratio Independent director ratio (%) 37.608 5.590 0 100 
dual CEO duality 0.300 0.458 0 1 
soe State-owned enterprise (SOE) 0.343 0.475 0 1 
env_reg Environmental regulation intensity 0.911 0.328 0 11 

3.3. Variable Definitions 

Dependent variable: Green invention patent applications, taken as ln(1 + applications), denoted 
lngrpat_app_inv. Green invention patent applications serve as the core indicator because they represent firms’ 
substantive green technological innovation capability; green patent grants are used as a robustness check because 
they are closer to patent quality. 

Core explanatory variable: The policy variable did = treat × post. It equals 1 if the firm’s city was included 
in the low-carbon pilot and the year is at or after the policy implementation year, and 0 otherwise; the three waves 
take 2010, 2012, and 2017 as the policy start years, respectively. 

Control variables: firm size (size), leverage (lev), profitability (roa), firm age (age), ownership concentration 
(top1), board size (boardsize), proportion of independent directors (indratio), CEO duality (dual), and 
environmental regulation intensity (env_reg, a city–year measure constructed as the ratio of completed investment 
in industrial pollution control to the value added of the secondary sector, merged into the firm panel by the firm’s 
city). Among these, corporate governance characteristics are closely related to green innovation decisions [39] and 
are also controlled for. 

3.4. Model Specification 

The baseline staggered DID model is specified as: 

lnGreenInnovationit = αi + λt + βDIDit + γXit + εit (1)

where αi is the firm fixed effect, λt is the year fixed effect, Xit are the control variables, εit is the random error 
term. Standard errors are clustered at the firm level. β measures the average treatment effect of the pilot policy on 
firms’ green invention patent applications. 

To test parallel trends and dynamic effects, we construct an event-study model: 

lnGreenInnovationit = αi + λt + βk

5

k=-3

Dit
k  + γXit + εit (2)

where Dit
k  are year dummies relative to the policy timing (with the year before the policy, k = −1, as the base 

period). The pre-policy coefficients β  and β  should be insignificant to ensure parallel trends, while the post-
policy coefficients characterize the dynamic effects. 
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4. Baseline Empirical Results 

4.1. Baseline Regression 

Table 2 reports the baseline regression results. Column (1) controls only firm and year fixed effects, with a 
did coefficient of 0.0622, significant at the 1% level; column (3) adds firm-level control variables, with a did 
coefficient of 0.0548 (standard error 0.0211, t = 2.60), still significant at the 1% level. 

Based on the column (3) estimate, the policy raises the green invention patent applications of firms in pilot 
cities relative to the control group by about exp(0.0548) − 1 ≈ 5.6%. To verify whether the effect is concentrated 
in substantive innovation, we re-estimate with total green patent applications as the dependent variable: in column 
(4), with control variables added, the did coefficient is 0.0374 (standard error 0.0244), not significant. The 
significance of invention applications combined with the insignificance of total applications indicates that the pilot 
policy stimulates substantive innovation responses concentrated in green inventions, rather than a generalized 
expansion of total patent applications. The baseline results support H1. 

Table 2. Baseline regression: low-carbon city pilot and corporate green invention patent applications. 

 (1)  (2)  (3)  (4) 
 Green Invention 

Patent Applications 
Total Green Patent 

Applications 
Green Invention 

Patent Applications 
Total Green Patent 

Applications 
did 0.0622 *** 0.0440 * 0.0548 *** 0.0374 

 (0.0224) (0.0262) (0.0211) (0.0244) 
size   0.2620 *** 0.3408 *** 

   (0.0150) (0.0170) 
lev   −0.0158 0.0035 

   (0.0436) (0.0534) 
roa   0.0846 0.1340* 

   (0.0630) (0.0752) 
age   0.0271 *** 0.0392 *** 

   (0.0022) (0.0026) 
top1   −0.0012 −0.0023 ** 

   (0.0009) (0.0011) 
boardsize   0.0002 0.0008 

   (0.0064) (0.0072) 
indratio   0.0015 0.0021 

   (0.0015) (0.0017) 
dual   0.0454 *** 0.0290* 

   (0.0148) (0.0170) 
env_reg   0.0002 0.0012 

   (0.0124) (0.0139) 
Constant 0.0193 0.0967 *** −5.7428 *** −7.4208 *** 

 (0.0187) (0.0217) (0.3265) (0.3698) 
Firm fixed effects Yes Yes Yes Yes 
Year fixed effects Yes Yes Yes Yes 

N 47146 47146 45950 45950 
R2 0.1709 0.2182 0.2092 0.2638 

Note: Robust standard errors clustered at the firm level are in parentheses. ***, **, and * indicate significance at the 1%, 5%, 
and 10% levels, respectively. 

4.2. Parallel Trends and Dynamic Effects 

The premise for the identification strategy to hold is the parallel trends assumption. Figure 1 presents the 
coefficient path of the event-study estimates. 

The coefficients in the periods immediately before the policy (D , D 2, and the base period D ) are all 
insignificant and very small in absolute value; D  the coefficient is −0.0925 (standard error 0.0415), significant 
at the 5% level, but this period pools all years from five years before the pilot and earlier. Testing the four pre-
policy coefficients D  through D  jointly, the F-statistic is 1.96 (p = 0.098), so the null hypothesis that the four 
coefficients are jointly zero cannot be rejected at the 10% level; the coefficients in the policy year and the early 
post-policy periods (D0, D1, D2) are positive but not yet significant, and from three periods after the policy onward 
(D3, D4, D5) they become significantly positive. This indicates that the treated and control groups exhibit no 
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systematic trend deviation in the periods immediately before the policy and that anticipatory effects are not a major 
confounding factor, so that the parallel trends assumption generally holds; the policy effect emerges gradually. 

 

Figure 1. Parallel trends. 

To further characterize the time structure of the policy effect, Table 3 combines the post-policy periods into 
the first year (post1y), the second year (post2y), and the third year and above (post3y), with coefficients of 0.0414, 
0.0456, and 0.0623, all significant at least at the 5% level and increasing year by year; Figure 2 visually presents 
this upward trajectory. This indicates that the innovation effect of the pilot policy is persistent and cumulative. 

 

Figure 2. Dynamic effects. 

Table 3. Dynamic effects. 

 1st Year Post 2nd Year Post 3rd Year and above 
Coefficient 0.0414 ** 0.0456 ** 0.0623 ** 

 (0.0204) (0.0223) (0.0244) 
Note: N = 45,950; control variables and fixed effects are the same as in Table 2. 

4.3. Robustness Checks 

Table 4 reports six robustness checks, each modifying the baseline in one dimension to assess the robustness 
of the conclusions. (1) Keeping only the first two waves of pilots, to avoid interference from the different policy 
environment faced by the third wave of 2017; the coefficient is 0.0722, significant at the 1% level. (2) Replacing 
the dependent variable with granted green invention patents, to mitigate strategic patent applications; the 
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coefficient is 0.0514, still significant at the 1% level; (3) Province × year fixed effects, absorbing province-level 
time-varying policy shocks; the coefficient is 0.0690, significant at the 5% level. (4) Excluding the post-pandemic 
window, to remove the impact of pandemic shocks; the coefficient is 0.0554, significant at the 1% level. (5) 
Poisson pseudo-maximum-likelihood (PPML) estimation with the raw count of green invention patent applications 
as the dependent variable, controlling for firm and year fixed effects and clustering standard errors at the firm 
level, to address the concern that the ln(1 + x) transformation is sensitive to the treatment of zeros. The PPML 
estimate is positive but imprecise, with a did coefficient of 0.0334 and a standard error of 0.0822 (z = 0.41), not 
significant at conventional levels. (6) Clustering standard errors at the city level, to examine the correlation of the 
policy shock within cities; the coefficient is 0.0538, still significant at the 5% level. 

Across the six completed checks, apart from PPML, the TWFE estimates of the DID coefficient in the 
remaining five specifications remain stable in the 0.051–0.072 range and are significantly positive, indicating that 
the baseline conclusion is not affected by the sample range, the innovation measure, the form of fixed effects, the 
level of clustering, or the shock of a special period. 

As for the PPML estimate, its point estimate is positive and of the same order of magnitude as the baseline, 
with a consistent direction, but it is not statistically significant. This loss of precision comes mainly from the 
dependent variable itself: 65.2% of firm-year observations in the sample record zero green invention patent 
applications, and once firm and year fixed effects are absorbed the model can only be identified from firms 
switching between zero and positive values, so the available information is limited. This row takes the raw patent 
count as the dependent variable, which is not the same measure as the 1%/99% winsorized ln(1 + y) used in the 
baseline regression and in the other rows of Table 4; to rule out the influence of this difference in measurement, 
we re-estimate using the winsorized count, obtaining a point estimate of 0.0343 (standard error 0.0994, z = 0.35), 
again insignificant, which shows that the loss of precision is not caused by the winsorization. In addition, the 
parallel trends test in Figure 1 is conducted on the logarithmic scale, whereas PPML models the level of patent 
counts; the two parallel trends assumptions are not equivalent, so the test result of the former cannot be carried 
over to this row, and this row therefore serves only as a directional reference. The control variable age equals 
calendar year minus founding year and is collinear with the absorbed firm and year fixed effects, so it is 
automatically dropped in the PPML specification. In sum, this row is consistent with the baseline in direction and 
magnitude, but it does not constitute independent confirmation. 

Table 4. Robustness checks. 

Specification β SE t-Stat N Within-R2 
(0) Baseline regression 0.0548 *** (0.0211) 2.60 45950 0.2092 
(1) First two waves only 0.0722 *** (0.0273) 2.64 37980 0.2057 
(2) Granted green invention 
patents as the outcome 0.0514 *** (0.0151) 3.40 45950 0.1427 

(3) Province × year fixed 
effects 0.0690 ** (0.0288) 2.40 45548 0.2244 

(4) Excluding the post-
pandemic window (2020–
2023) 

0.0554 *** (0.0179) 3.10 28782 0.1681 

(5) PPML, raw patent count 0.0334 (0.0822) 0.41 45749 0.8553 
(6) City-level clustering 0.0538 ** (0.0237) 2.28 45572 0.2094 
Note: Row (0) is the baseline regression, rows (1)–(6) are robustness specifications. The dependent variable is green invention 
patent applications in all rows except row (2), which uses granted green invention patents. All specifications control for firm 
and year two-way fixed effects; robust standard errors clustered at the firm level are in parentheses. *** and ** indicate 
significance at the 1% and 5%. Row (5) is estimated by Poisson pseudo-maximum-likelihood (PPML) on the raw patent count; 
the entry in the t-statistic column is its z-statistic, and the entry in the final column is the pseudo-R2, since a within-R2 is not 
defined for this estimator. 

4.4. Placebo Test 

To further rule out the possibility that the policy effect is driven by unobserved factors or sampling chance, 
we conduct a randomized placebo test: keeping the size of the treated group and the wave structure of policy timing 
unchanged, we randomly draw as many firms as the real treated group from the full sample as pseudo-treated 
firms, randomly shuffle the policy timing, and re-estimate with the same specification as the baseline, repeating 
500 times. The results show that the mean of the 500 pseudo-treatment coefficients is −0.0002 and the standard 
deviation is 0.0215, approximately symmetrically distributed around zero, with a 95th percentile of 0.0353; the 
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real coefficient 0.0548 exceeds about 99.2% of the pseudo-treatment coefficients, giving a simulated p-value of 
about 0.008 (Figure 3). The baseline causal effect cannot be an artifact of random sampling. Further, when the 
policy timing is uniformly advanced by three years and only the pre-policy window is examined, the pseudo-
advance treatment coefficient is −0.0126 (standard error 0.0150), insignificant, which rules out the possibility that 
the treated group already exhibited differentiated green innovation trends before the policy. Treatment timing is 
dated by the year of the NDRC notice announcing each pilot list, namely 2010, 2012, and 2017 for the three waves. 
This three-year-advance placebo test also rules out the possibility that firms made anticipatory adjustments upon 
inclusion in the pilot list. The randomized placebo test and the event study (Figure 1) corroborate each other and 
jointly support that the baseline results reflect a genuine policy causal effect. 

 

Figure 3. Placebo test. 

4.5. Staggered DID Estimation under Heterogeneous Treatment Effects 

Recent methodological literature shows that, when treatment effects are heterogeneous across cohorts and 
periods, the traditional two-way fixed effects (TWFE) estimator may assign negative weights to earlier-treated 
groups and thereby produce bias [12–14,40,41]. This paper therefore re-estimates the average effect using the 
Callaway–Sant’Anna [42] group-period estimator, which is robust to heterogeneous treatment effects. 

Table 5 reports the results of the Callaway–Sant’Anna [42] group-period estimator. The weighted average 
ATT with control variables is 0.0684, significant at the 5% level, consistent with the baseline. Table 5 reports the 
cohort effects of each treated group under unconditional estimation: the 2012 cohort effect is 0.1427, significant 
at the 1% level, constituting the main source of the policy effect, while the 2010 and 2017 cohort effects are 
insignificant. In addition, the Sun–Abraham [40] event study shows insignificant coefficients in the periods 
immediately before the policy and significantly positive coefficients from relative time 3 onward after the policy 
(0.0548, 0.0520, and 0.0903, significant at the 5%, 5%, and 1% levels, respectively), corroborating the event study 
in the main text (Figure 1). 

Figure 4 reports the dynamic effects of the 2012 cohort, which accounts for the largest share of the average 
effect and complements the pooled event study in Figure 1. Two points should be noted. First, the post-treatment 
effects of the 2012 cohort increase year by year and only become significant in the third relative year, indicating 
that the policy effect involves a time lag. Second, the coefficient of the 2017 cohort is small because this cohort 
has the shortest post-treatment window, more than half of which falls in the pandemic period, and its dynamic 
effects likewise only appear in the third year; the small coefficient reflects the observation window rather than the 
effectiveness of the policy. 
  



Wang  Ecol. Econ. Manag. 2026, 2(4), 16 

https://doi.org/10.53941/eem.2026.100016  9 of 17 

Table 5. Callaway–Sant’Anna group-period estimates. 

Cohort Coefficient 
G 2010 0.0719 

 (0.0486) 
G 2012 0.1427 *** 

 (0.0335) 
G 2017 0.0207 

 (0.0380) 
G Average 0.0858 *** 

 (0.0248) 
Note: The dependent variable is green invention patent applications; the method is unconditional DRIPW estimation [42]; 
groups are defined by the pilot policy start year (gvar), with the never-treated group as control. GAverage is the simple average 
of the cohort effects. Robust standard errors are in parentheses. *** indicate significance at the 1% level. 

 

Figure 4. Dynamic effects for the 2012 cohort. 

4.6. Patent-Type Decomposition 

To clarify the structure of the policy effect across patent types, Table 6 reports the baseline specification 
separately for four dependent variables: green invention patent applications, granted green invention patents, green 
utility-model patent applications, and total green patent applications. The purpose is to establish whether the 
increase is concentrated in substantive, invention-type green patents or instead reflects a general expansion of 
green patenting activity. 

In Table 6 the effect is concentrated in invention-type green patents. The did coefficient is 0.0548 for green 
invention patent applications and 0.0514 for granted green invention patents, both significant at the 1% level. For 
green utility-model applications it is 0.0184 and for total green patent applications 0.0374; neither is statistically 
significant. The pilot therefore raises green invention patent applications and green invention patent grants without 
producing a detectable increase in the total count of green patents. As Table 6 shows, the policy effect is 
concentrated in substantive invention-type green patents, while no significant increase is detected in total green 
patents. This structure indicates that the observed increase is not a general expansion of green patenting activity, 
but more likely a concentration of innovation resources in compliance-relevant green inventions. 

Table 6. Policy effects across green patent types. 

Specification β SE t-Stat N Within-R2 
(1) Green invention patent applications 0.0548 *** (0.0211) 2.60 45950 0.2092 
(2) Granted green invention patents 0.0514 *** (0.0151) 3.40 45950 0.1427 
(3) Green utility-model patent applications 0.0184 (0.0208) 0.88 45950 0.1906 
(4) Total green patent applications 0.0374 (0.0244) 1.53 45950 0.2638 
Note: *** indicate significance at the 1% level. 
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5. Heterogeneity Analysis 

The baseline regression estimates the average treatment effect, and H2 further asks whether, beneath this 
average effect, a resource threshold determines the distribution of policy benefits. Testing the heterogeneity of the 
policy effect bears not only on the external validity of the core conclusions but also directly tests the theoretical 
mechanism of the innovation-offset threshold. If a staggered DID uses common year fixed effects while different 
firm types have different time trends, cross-group differences may be misattributed to differences in treatment 
effects; this section therefore adopts a group-specific year effects specification (year × firm-type dummy 
interactions), allowing different firm types to follow their own time trends. Table 7 separately tests the three 
dimensions through the interactions of did with ownership, size, and pollution intensity; the baseline group effect 
in each dimension corresponds to the policy effect for the group of firms not flagged in that dimension. 

5.1. Firm Ownership 

Table 7 Column (1) interacts a state-owned enterprise dummy with did under the group-specific year effects 
specification. The did coefficient (the baseline group effect for non-SOEs) is 0.0408, significant at the 10% level; 
did × soe is 0.0133, insignificant; the total within-group effect for SOEs is 0.0541 (t = 1.83), significant at the 10% 
level. State-owned firms respond consistently with policy objectives and face small financing constraints, enabling 
them to bear green innovation investment and exhibiting a positive green innovation response; however, did × soe 
is insignificant, and the data provide no evidence that the two groups differ. 

5.2. Firm Size 

Table 7 Column (2) interacts a large-firm dummy with did. Since the model controls for the continuous 
variable size, the baseline group of the interaction corresponds to firms with size below the median. The did 
coefficient is 0.0195, insignificant; did × large is 0.0463, insignificant; the total within-group effect for large firms 
is 0.0658 (t = 2.11), significantly positive at the 5% level. No significant between-group difference appears along 
the size dimension, and the point estimates do not suggest that the policy systematically favors large firms. 

5.3. Pollution Intensity 

The pollution intensity dimension in this section is delineated by a heavy-polluting industry dummy (heavy). 
Following the CSRC industry classification, firms in mining (category B), manufacturing (category C), and the 
production and supply of electricity, heat, gas, and water (category D) take the value 1, and all others 0. This is a 
broad industry-level proxy for pollution intensity rather than an exact identification of heavy polluters, since 
category C covers all manufacturing; the heterogeneity results along this dimension should therefore be read as 
descriptive evidence on the contrast between secondary-sector firms and other firms, not as a precise estimate for 
heavy-polluting industries. 

Table 7 Column (3) interacts a heavy-polluting industry dummy with did. The did coefficient (the baseline 
group effect for non-heavy-polluting firms) is 0.0885, significant at the 5% level; did × heavy is −0.0272, 
insignificant; the total within-group effect for heavily polluting firms is 0.0613 (t = 2.41), significantly positive at 
the 5% level. The interaction did × heavy is insignificant, that is, no statistically significant difference is detected 
between the two types of firms. 

Table 7. Heterogeneity analysis. 

 (1) Ownership: SOE (2) Size: Large (3) Pollution: Heavy-Polluting 
did (baseline group effect) 0.0408 * 0.0195 0.0885 ** 

 (0.0241) (0.0223) (0.0357) 
did × soe 0.0133   

 (0.0337)   
did × large  0.0463  

  (0.0383)  
did × heavy   −0.0272 

   (0.0432) 
Total within-group effect (did + 

did × group) 0.0541 * 0.0658 ** 0.0613 ** 

 (0.0295) (0.0311) (0.0254) 
N 45950 45950 45950 
R2 0.2176 0.2292 0.2126 
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Note: The group-specific year effects specification (year × firm-type dummy interactions) is adopted, allowing different firm 
types to follow their own time trends. The total within-group effects (did + did × group) are obtained from a joint lincom test, 
with significance corresponding to their p-values (SOE 0.067, large 0.035, heavy-polluting 0.016). Robust standard errors 
clustered at the firm level are in parentheses. * and ** indicate significance at the 10% and 5% levels. 

Taking the three dimensions of heterogeneity analysis together. First, the within-group effects are positive. 
Under the specification allowing different firm types to follow their own time trends, the total within-group effects 
for state-owned firms, large firms, and heavily polluting firms are all positive, significant at the 10%, 5%, and 5% 
levels respectively, whereas the baseline group estimate for smaller firms (0.0195) is positive but insignificant. 
Second, none of the between-group differences is statistically significant. In the group-specific specification for 
each of the three dimensions, the interactions of did with the ownership, size, and pollution intensity dummies are 
all insignificant, indicating that no difference in the policy effect across firm types is detected. 

6. Mechanism Analysis 

6.1. Financing Constraint Threshold and Measurement Caveats 

Financing constraints are measured by the absolute value of the SA index [36]: 

SA = −0.737 × Size + 0.043 × Size2 − 0.040 × Age 

where Size is the natural logarithm of total assets (in RMB 10,000) and Age is the number of years since 
incorporation; a larger |SA| indicates stronger financing constraints. To address the concern that firm size may 
change with the policy and thereby contaminate the moderating variable, we construct this index from firm size 
and founding age at the firm’s first year in the sample (the baseline period), so that it is time-invariant and 
determined entirely before the policy; Section 6.2 repeats the tests using the year-by-year panel SA index as a 
robustness check. It enters the regression in standardized form zsa, so the main effect did represents the policy 
effect for a firm at the average constraint level (zsa = 0). Table 8 reports the mechanism test results. 

Table 8. Mechanism tests. 

 (1) 
Threshold 

(2) Threshold 
+ Size 

(3) Low-Constraint 
Group 

(4) High-Constraint 
Group 

(5) R&D 
Investment 

did 0.0208 −0.0073 0.0844 *** 0.0124 −0.5789 *** 
 (0.0201) (0.0275) (0.0296) (0.0278) (0.1884) 
did × zsa −0.2223 *** −0.2077 ***   −0.9784 *** 
 (0.0196) (0.0236)   (0.1473) 
did × large  0.0567    
  (0.0415)    
N 45,950 45,950 22,848 23,102 45,950 
R2 0.2217 0.2218 0.2546 0.1738 0.3423 
Note: Financing constraints are measured by the absolute value of the SA index (|SA|), with zsa its standardized form; the SA 
index is constructed from firm size and founding age at the firm’s first year in the sample (baseline period) [36] and is time-
invariant. A significantly negative did × zsa indicates that the policy effect declines as constraints rise. In columns (3) and (4) 
the sample is split into low- and high-constraint groups by the median of baseline |SA|. Dependent variable: ln(green invention 
patent applications) lngrpat_app_inv in columns (1)–(4), and ln(1 + R&D expenditure) in column (5). Robust standard errors 
clustered at the firm level are in parentheses. *** indicates significance at the 1% level. 

Columns (1) and (2) of Table 8 show that the did × zsa coefficients are −0.2223 and −0.2077, both significant 
at the 1% level; after controlling for did × large in column (2) the coefficient changes only slightly, indicating that 
the constraint threshold is not a disguise for the size channel and that financing constraints independently moderate 
the policy effect. The subsample results in columns (3) and (4) are consistent with this: the policy effect in the 
low-constraint group is 0.0844, significant at the 1% level, while in the high-constraint group it is 0.0124, 
insignificant. Resource-constrained firms fail to obtain significant policy benefits, providing direct micro-level 
evidence for H2. Column (5) takes R&D investment as the dependent variable to examine the substitution 
effect, but this column is highly sensitive to the treatment of missing values. The conclusion regarding the 
financing constraint threshold (columns (1)–(4)) does not depend on the R&D expenditure variable. 

As for the R&D investment variable, 19.25% of firm-year observations in the sample do not disclose R&D 
expenditure, and the probability of non-disclosure is significantly higher for pilot firms. Column (5) of Table 8 
follows the same zero-filling treatment as the other columns, treating non-disclosure as zero R&D investment, 
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under which the did coefficient is −0.5789 and did × zsa is −0.9784, both significant at the 1% level. To determine 
whether this negative result is driven by the zero-filling itself, we run two comparisons: when only the disclosing 
sample is retained, the did coefficient is −0.0279 (t = −0.89) and is no longer significant; when firms are required 
to disclose in every year of the sample period, the coefficient is 0.0278 (t = 0.78), likewise insignificant. It is 
therefore evident that the negative estimate in column (5) of Table 8 mainly comes from the zero-filling of missing 
values rather than from an actual contraction of R&D investment, and on this basis we do not treat the decline in 
R&D expenditure as mechanism evidence, retaining this column only to report the sensitivity to measurement. 

The core conclusion regarding the financing constraint threshold does not depend on the R&D expenditure 
variable: did × zsa is significantly negative, the policy effect in the low-constraint group is 0.0844 and significant 
at the 1% level, and in the high-constraint group it is 0.0124 and insignificant, which still supports H2. 

6.2. Measurement Robustness 

As a measurement robustness check, we repeat the tests using the year-by-year panel SA index (varying 
annually with firm size and age) as an alternative measure; the results are reported in Table 9, the threshold effect 
is consistent with columns (1)–(4) of Table 8, and column (5) is likewise sensitive to the treatment of missing 
values, so the conclusion does not depend on the construction of the SA index. 

Table 9. Robustness of mechanism tests. 

 (1) 
Threshold 

(2) Threshold + 
Size 

(3) Low-Constraint 
Group 

(4) High-Constraint 
Group 

(5) R&D 
Investment 

did 0.0288 0.0210 0.0816 ** 0.0225 −0.5557 *** 
 (0.0187) (0.0274) (0.0318) (0.0220) (0.1857) 

did × zsa −0.1160 *** −0.1130 ***   −0.6917 *** 
 (0.0203) (0.0239)   (0.1484) 

did × large  0.0140    
  (0.0395)    

N 45950 45,950 22,902 23,048 45,950 
R2 0.2389 0.2389 0.2679 0.0970 0.3451 

Note: The SA index is constructed from year-by-year panel size and founding age [36] and varies over years. A significantly 
negative did × zsa indicates that the policy effect declines as constraints rise. In columns (3) and (4) the sample is split into 
low- and high-constraint groups by the annual median of |SA|. Dependent variable: ln(green invention patent applications) 
lngrpat_app_inv in columns (1)–(4), and ln(1 + R&D expenditure) in column (5). Robust standard errors clustered at the firm 
level are in parentheses. ** and *** indicate significance at the 5% and 1% levels. 

7. Further Analysis 

7.1. PSM-DID to Mitigate Sample Selection Bias 

The selection of pilot cities is not random, and firms in pilot cities may systematically differ from firms in 
non-pilot cities in observable characteristics. To mitigate this sample selection bias, we perform propensity score 
matching (PSM) based on 2008 (pre-policy) cross-sectional characteristics, using firm size, leverage, profitability, 
age, governance structure, and environmental regulation intensity as covariates, and re-estimate the staggered DID 
on the matched comparable subsample. Because 2008 precedes the establishment of the first pilot wave, only pre-
policy information enters the match, and no covariate realized after the first treatment wave is introduced. 
Propensity scores are estimated by a logit model, treated firms are matched to control firms by 1:1 nearest-neighbor 
matching with a caliper of 0.05, and only observations within the common support region are retained, yielding 
21,025 firm-year observations after matching. 

Table 10 shows that, after matching, the did coefficient is 0.0749 with a standard error of 0.0281, significant 
at the 1% level and larger than in the baseline regression. This difference stems from the change that matching 
makes to the composition of the control group: the caliper and common support requirements exclude treated firms 
that have no close control counterpart and remove control firms whose pre-policy characteristics lie far from those 
of the treated firms, so the estimate is obtained from firms that are more similar at baseline. The larger coefficient 
therefore indicates that the unmatched baseline estimate, even if biased, is biased in a conservative direction. The 
balance test in Figure 5 shows that, after matching, the standardized differences between the treated and control 
groups in the main characteristics converge substantially, indicating that matching effectively constructs a 
comparable sample. On this sample, the forcing effect of the pilot policy on corporate green innovation remains 
significantly positive, further supporting H1. 
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Figure 5. PSM balance test. 

Table 10. PSM-DID: matched subsample. 

 (1) 
did 0.0749 *** 

 (0.0281) 
N 21,025 
R2 0.2477 

Note: Subsample after PSM matching based on 2008 cross-sectional characteristics 
(size/leverage/profitability/age/governance/environmental regulation); control variables and fixed effects are the same as in Table 
2. Robust standard errors clustered at the firm level are in parentheses. *** indicates significance at the 1% level. 

7.2. Goodman–Bacon Decomposition 

This section uses the Goodman-Bacon [13] decomposition as a complement to directly diagnose the weight 
structure of the TWFE estimator; the results are consistent with the baseline and with Section 4.5. 

The Goodman-Bacon [13] decomposition expresses the TWFE estimator as a weighted average of all 2 × 2 
group-period comparisons and is used to diagnose the potential negative-weight problem of “using already-treated 
units as controls” in staggered DID. Owing to the strongly balanced panel requirement of the bacondecomp 
procedure, we construct a balanced subsample of firms continuously present in the sample over 2008–2023 (21,216 
observations) and re-run the decomposition. Table 11 shows that the TWFE coefficient on the balanced subsample 
is 0.0893 (standard error 0.0162, significant at the 1% level); the weights of the individual β terms sum to 1, and 
the weighted sum exactly reproduces the TWFE coefficient (0.0893), indicating that the decomposition is 
internally consistent. Figure 6 plots each 2×2 estimate against its weight, with the horizontal dashed line marking 
the overall DD estimate (0.0893). The timing-group comparisons receive small weights and scatter on both sides 
of the overall estimate, and no single comparison dominates the estimate, indicating that the baseline result is not 
an artefact of negative weighting. It should be noted that the balanced subsample contains only firms continuously 
listed during the sample period and may be skewed toward large and stable firms; its decomposition results are 
mainly used to diagnose the weight structure of TWFE and do not represent the full sample or replace the 
conclusions from the main sample. 
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Figure 6. Goodman–Bacon decomposition. 

Table 11. Goodman–Bacon decomposition. 

Comparison Type β Weight 
Treated vs. control (never-treated) 0.1215 0.6575 

Treated vs. treated: Wave 1 vs. Wave 2 (earlier treated) 0.0189 0.0108 
Treated vs. treated: Wave 2 vs. Wave 1 (later treated) 0.0577 0.0650 

Treated vs. treated: Wave 1 vs. Wave 3 (earlier treated) −0.0593 0.0225 
Treated vs. treated: Wave 3 vs. Wave 1 (later treated) 0.0477 0.0787 

Treated vs. treated: Wave 2 vs. Wave 3 (earlier treated) −0.0338 0.0602 
Treated vs. treated: Wave 3 vs. Wave 2 (later treated) 0.0482 0.1053 

Total 0.0893 1.0000 
Note: Waves 1, 2, and 3 are the 2010, 2012, and 2017 pilot cohorts, respectively; the control group comprises firms never 
included in the pilots. “Earlier treated” refers to the 2 × 2 comparison in which the earlier-treated group is treated and the later-
treated group serves as control during periods before its treatment; “later treated” refers to the later-treated group as treated, 
with the earlier-treated (already-treated) group as control. The balanced subsample consists of firms continuously present in 
the sample over 2008–2023 (21,216 observations). The weights of the individual comparisons sum to 1, and the weighted 
average of β equals the TWFE coefficient 0.0893. 

8. Conclusions and Policy Implications 

8.1. Main Conclusions 

Using panel data of Chinese A-share listed companies over 2008–2023 and a staggered difference-in-
differences method, this paper addresses the question of whether the low-carbon city pilot “forces” or “crowds 
out” corporate green innovation, forming judgments at two levels. 

First, at the level of the average effect, the low-carbon city pilot significantly “forces” corporate green 
innovation, and the weak Porter hypothesis holds in the Chinese context. The policy raises the green invention 
patent applications of firms in pilot cities by about 5.6% on average. The effect increases year by year. 

Second, at the level of theoretical implications, the Porter hypothesis debate converges to a question of 
conditionality. “Forcing” and “crowding out” are not mutually exclusive opposing hypotheses. The policy 
produces a robust “forcing” effect on average, but the distribution of its benefits is moderated by firm resource 
endowments: firms with lower financing constraints can cross the innovation-offset threshold and obtain 
significant gains, whereas resource-constrained firms can hardly obtain policy benefits of comparable magnitude. 
Whether the innovation effect of environmental regulation holds, and which firms it benefits, depends on whether 
the regulatory design is credible and whether firms can cross the resource threshold. 
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8.2. Policy Implications 

First, adhere to a green innovation orientation. The pilot policy effectively stimulates corporate green 
innovation through clear and sustained signals, and policymakers should maintain the credibility and continuity of 
emission reduction and green development commitments. Second, establish differentiated support for resource-
constrained firms. Provide targeted support such as green credit, green patent subsidies, and R&D tax incentives 
to resource-constrained firms, reducing their cost of crossing the innovation threshold and avoiding a widening 
divergence in green innovation capability across firms. Third, guard against the bubble risk of strategic patenting. The 
low marginal cost of green patent applications may turn them into strategic behavior by firms catering to the policy. 

8.3. Limitations 

First, the selection of pilot cities is not random; although this paper mitigates the sample selection problem 
through PSM and parallel trends tests, the role of unobserved factors cannot be fully excluded. Second, green 
patent applications emphasize the quantity dimension; although grants are used as a robustness check, deeper 
measures such as patent citation quality and green total factor productivity await support from future data. Third, 
the mechanism test of the financing constraint threshold relies more on model specification, and this paper treats 
it as suggestive evidence, which could be strengthened in the future through instrumental strategies such as 
exogenous credit shocks. Fourth, there is systematic missingness in the disclosure of corporate R&D expenditure, 
and the disclosure probability of pilot firms is significantly lower; this paper does not claim an R&D crowding-
out effect on this basis. Fifth, green patent data can distinguish green inventions from green utility models but 
cannot distinguish green from non-green patents; because the non-green patents of firms cannot be observed within 
the same framework, this paper cannot examine how the policy affects the green share of firms’ total innovation. 
Sixth, a log-count outcome dominated by zeros cannot separate an increase in the share of firms that begin 
patenting from an increase in application intensity among firms that already patent, so the results should not be 
read as evidence on the extensive margin of green innovation as distinct from the intensive margin. 
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