


Low-carbon city pilot and urban green innovation: From the perspective of ecological attention


Abstract: In recent years, low-emission industrial green development has become a global consensus. To achieve energy-saving and emission-reduction targets, China's National Development and Reform Commission initiated the Low-Carbon City Pilot (LCCP) policy in July 2010, subsequently expanding its coverage. This study employs multi-period DID methodology with panel data from 283 prefecture-level cities (2007-2017) to examine whether LCCP accelerates green innovation and through what mechanisms. Results indicate LCCP significantly accelerates green innovation, with findings robust to multiple specification tests. We innovatively reveal ecological attention as a key transmission mechanism from governmental and public perspectives, demonstrating stronger effects from public ecological attention. The research provides theoretical support for city-level policy evaluation and proposes: expanding pilot coverage, accounting for geographical heterogeneity, and strengthening policy enforcement.
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1. Introduction
Following China's rapid economic expansion, environmental challenges have intensified. Strengthening environmental governance and advancing green innovation now constitute central policy imperatives. To realize national sustainability objectives—particularly carbon peaking and neutrality—China continues tightening environmental regulations. China implemented its low-carbon city pilot initiative in October 2010 to stimulate green innovation and advance supply-side structural reforms. Presently, the program remains developmental, with local governments' attention diverted from pilots due to COVID-19 impacts. Evaluating this policy's efficacy thus delivers critical insights for promoting wider urban engagement in developing future pilots.
This research investigates the relationship between low-carbon city pilot programs and green innovation. Introducing an ecological attention framework unexplored in prior literature, it examines this mechanism through dual governmental and public dimensions. This approach establishes an innovative analytical pathway for evaluating low-carbon city policy design and outcomes.
2. Policy background and theoretical hypotheses 
In July 2010, China's government released an official notice initiating the Low-Carbon Provinces and Cities pilot program (hereafter the Notice). This policy designated Guangdong, Liaoning, Hubei (among the first five provinces) and Tianjin, Chongqing, Xiamen (among the initial eight cities) as pilot zones. The Notice required participating regions to develop tailored low-carbon development strategies with supporting measures. Following successful outcomes in initial pilots, China expanded the program in 2012 (adding 28 cities including Beijing/Shanghai) and 2017 (adding 45 cities). The initiative now covers 6 pilot provinces and 81 cities. These geographically representative cities have pioneered sectoral best practices across transportation, construction, lifestyle, energy, and industry—providing transferable implementation models for nationwide low-carbon urban development [1].
Functioning as urban environmental regulation, low-carbon city pilots aim to promote sustainable development. Current scholarship examining their impacts bifurcates into two streams. The first examines economic benefits for municipalities and firms, revealing how these policies stimulate urban employment through industrial restructuring and upgrading [2]. Furthermore, these pilot policies substantially catalyze enterprise restructuring, unlock latent productivity, and enhance total factor productivity [3], while reducing the intensity of financial constraints from the government level [4], and enable firms to scale reproduction benefits. The second research stream analyzes ecological impacts, demonstrating that these policies enhance corporate low-carbon innovation and boost regional green total factor productivity [5],[6],[7]. This subsequently reduces carbon emissions and strengthens urban low-carbon development pathways [8],[9].
Evolving policy frameworks compel firms to adapt production processes and develop compliant technologies. This aligns with the Porter hypothesis—that properly crafted environmental regulations spur innovation while compensating compliance costs. Empirical studies generally support this view, demonstrating policy-driven stimulation of green innovation across corporate and regional entities [10],[11],[12],[13]. However, some divergent findings challenged Porter's hypothesis, contending that government environmental regulations impose compliance expenditures that erode profitability and competitiveness. This reduces green innovation investment, ultimately restricting regional green innovation development [14],[15],[16]. Consequently, we propose these theoretical hypotheses:
H1: The low-carbon city pilot policy enhances regional green innovation.
Environmental policy implementation exerts substantial influence on local production systems and societal patterns, generating amplified focus from municipal governments and residents. This heightened attention manifests in governmental documentation and public media coverage. Currently, the literature on ecological attention focuses on arguments made by both corporations and local governments. At the corporate level, tightening environ-mental regulations can result in increased ecological attention from firms. Formal environmental policies can promote the development of ecological attention, which in turn leads to green innovation [17],[18]. Scholars further propose that corporate managers' ecological attention functions as a transmission mechanism for green innovation, strengthening green dynamic capabilities and innovation outcomes [19],[20]. From a governmental standpoint, ecological attention directly shapes environmental regulatory intensity, which fluctuates according to region-specific developmental priorities. Enhanced environmental prioritization by local governments significantly curtails regional energy intensity and propels sustainable development [21]. Empirical research further demonstrates a robust positive association between governmental ecological prioritization and corporate environmental protection investments. Rising ecological attention corresponds to heightened corporate R&D outlays in green innovation [22]. Conversely, alternative findings indicate intensified regulatory focus may impede the green transition of pollution-intensive industries [23], with certain pilot regions exhibiting paradoxical increases in carbon emissions [24]. These contrasting outcomes inform Hypothesis 2.
H2: Ecological attention enhancement constitutes a critical mechanism through which low-carbon pilot policies influence green innovation.
This study advances knowledge in three key aspects: First, it empirically validates Porter's hypothesis using low-carbon city panel data, extending green innovation literature. Second, it develops a novel framework examining policy mechanisms through governmental and public ecological attention lenses. Third, it employs stepwise regression with multi-period lag analyses to evaluate the policy's layered impacts on green innovation.
3. Empirical strategy and data
3.1. Data description
This study compiles an 11-year panel dataset (2007–2017) encompassing 283 Chinese prefecture-level cities. Data acquisition draws from multiple sources: official policy documents detailing low-carbon pilot initiatives, regional statistical yearbooks for economic indicators, municipal government work reports quantifying ecological prioritization, and Baidu Index metrics capturing public environmental concern.
3.2. Construction of indicators
This study employs green patent applications per 10,000 residents as the primary measurement indicator for green innovation, based on two considerations: 1) it directly captures innovative outputs in sustainability, and 2) application counts offer more expedient quantification than granted patents. To reinforce core findings, we perform robustness validation drawing on established approaches [17],[28], implementing patent disaggregation where total green patents are divided into invention patents (green_innovation2) and utility models (green_innovation3).
The control variables were selected with reference to the studies of [30], [27], [7], and [29], including regional economic development level, industrial structure, and population structure. The regression incorporates these control variables: (1) GDP per capita (lnpgdp; logarithm, yuan); (2) Population density (popuden; 10,000 persons/km²); (3) Secondary industry share (ind_stru2; % GDP); (4) Wage per capita (lnpwage; logarithm, yuan); (5) Internet access (lninternet; logarithm, 10,000 households). Population density measures persons per square kilometer, ind_stru2 captures industrial structure, and lninternet proxies digitization. 

Table 1. Descriptive statistical characteristics of main variables
	Variables
	Obs
	Mean
	Std.Dev.
	Min
	Max

	green_innovation
	3,598
	0.933
	2.489
	0.00189
	49.98

	green_innovation2
	3,598
	0.459
	1.347
	0
	27.13

	green_innovation3
	3,598
	0.474
	1.193
	0
	22.85

	lcpolicy
	3,650
	0.211
	0.408
	0
	1

	lnpgdp
	3,561
	10.34
	0.73
	7.997
	12.28

	popuden
	2,830
	443
	334.8
	4.7
	2,662

	ind_stru2
	3,356
	48.87
	10.91
	14.95
	90.97

	lnpwage
	3,603
	10.48
	0.522
	8.509
	11.92

	lninternet
	3,605
	3.607
	1.179
	-3.744
	8.551



Besides, for the integrity of the data, missing city-level values were preserved as nulls in panel construction to maintain sample breadth, yielding variable observation counts across metrics without substantive outcome implications.
3.3. Model
This study examines whether LCCP stimulate regional green innovation, identifying the underlying mechanisms. Adopting established policy evaluation methods [30],[31], we implement a multi-period DID framework to establish causality. This approach compares treatment groups (pilot cities) against control groups (non-pilot cities), isolating policy effects through double differencing. The design mitigates endogeneity concerns by accounting for temporal confounders and unobserved heterogeneity. Our model formalizes this analysis as follows:
              (1)
 measures annual green patent applications per 10,000 residents in city i and year t.  is a policy dummy variable equaling 1 for cities designated as low-carbon pilots between 2007-2017, and 0 otherwise.  indicates implementation timing, taking 1 for post-policy years and 0 for pre-policy years. Control variables  capture economic differences across prefecture-level cities, including: log GDP per capita (lnpgdp), population density (popuden), secondary industry share (ind_stru2), log wage per capita (lnpwage), and log internet connections (lninternet). The model includes constant term , city fixed effects, time fixed effects, and stochastic error term .
In the baseline regression, the coefficient α₁ serves as the primary analytical focus. This term is subsequently abbreviated as lcpolicy in later sections, representing the policy's net effect. A statistically significant positiveindicates the policy enhances regional green innovation, while a negativesuggests it hinders green innovation.
4. Empirical results and analysis
4.1. Baseline results
Following the established econometric framework, we evaluate the low-carbon city pilot policy's effect (denoted lcpolicy) on regional green innovation. Both specifications use city and year fixed effects. Baseline regression results appear in Table 2.
Table 2. Baseline regression results
	Variables
	(1) green_innovation
	(2) green_innovation

	lcpolicy
	1.0127***
	0.3950***

	
	(0.102)
	(0.054)

	lnpgdp
	
	-1.1301***

	
	
	(0.158)

	popuden
	
	0.0010***

	
	
	(0.000)

	ind_stru2
	
	-0.0186***

	
	
	(0.005)

	lnpwage
	
	-0.6769***

	
	
	(0.138)

	lninternet
	
	-0.2905***

	
	
	(0.043)

	Constant
	0.7227***
	20.5052***

	
	(0.033)
	(1.866)

	City_FE
Year_FE
	YES
YES
	YES
YES

	Observations
	3,598
	2,767

	R-squared
	0.6616
	0.8044


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.

Results demonstrate that lcpolicy exerts a positive influence on regional green innovation,remains statistically significant at the 1% level prior to control inclusion. When accounting for urban economic development, industrial structure, and digitalization, the lcpolicy coefficient magnitude decreases moderately. This attenuation suggests that including these controls is necessary to obtain more precise estimates of the policy's effect on green innovation.
Overall, lcpolicy promotes regional green innovation, though its magnitude moderates after controlling for city-level time-varying factors. Heterogeneous economic development and industrial structures across regions lead to varying policy constraints. Regions with concentrated heavy industry face greater challenges meeting low-carbon targets than those with less developed heavy industry. Consequently, the policy exhibits heterogeneous inducing effects on green innovation across regions. These baseline findings align with [2] and [27].[2] demonstrate that low-carbon pilots support Porter's hypothesis by significantly enhancing urban green innovation, with pronounced effects in eastern China but statistically insignificant impacts in central/western regions. [27] identifies significant effects specifically in energy-saving and alternative energy production patents, with stronger innovation stimulation in high-carbon industries and non-SOEs, confirming H1.
4.2. Validity of the DID specification
The baseline Model (1) requires satisfying the parallel trends assumption: pilot and non-pilot cities must exhibit similar pre-treatment trends in green patent applications. Post-implementation divergence between treatment and control groups indicates policy effects. This study therefore uses event study analysis to empirically test the parallel trends assumption.
                 (2)
 is a binary indicator equaling 1 when city i implemented the low-carbon pilot policy in year t, and 0 otherwise. Other variables retain their baseline Model (1) definitions. Given data constraints, we collapse implementation years into event periods: the first four pre-policy years aggregate into period -4 (pre4), while the last three post-implementation years form period 3 (post3). The 5th pre-policy period serves as the reference category. 
[image: 平行趋势]
Figure 1. Parallel trend test
Figure 1 shows parallel trends test results. Coefficients for pre-treatment periods are statistically insignificant, whereas those for post-implementation periods become statistically significant. This validates the pre-treatment equivalence and satisfies the parallel trends assumption for our DID design.
4.3. Robustness checks
Baseline regressions suggest lcpolicy promotes regional green innovation. However, potential confounding factors affecting patent applications could bias these results. To strengthen estimation reliability, we conduct robustness checks through: (1) alternative explanatory variable specifications, (2) sample period adjustments, and (3) exclusion of contemporaneous policy interference. These tests address potential confounding influences on our findings.
4.3.1. Replace the explanatory variables.
Following [25] and [17], we decompose green patents into two categories: green invention patents (green_innovation2) and green utility model patents (green_innovation3). We replace the dependent variable in baseline Model (1) with these alternative measures.
                (3)
                (4)
Results from alternative dependent variable specifications confirm that LCCP positively influences both green patent categories, remains statistically significant at the 1% level for green_innovation2 and green_innovation3. Notably, invention patents exhibit marginally stronger policy responsiveness than utility patents, aligning with [26],[27].
4.3.2. Sample period adjustment
To assess robustness through sample period adjustment, we exclude pre-2008 data to mitigate potential distortion from the global financial crisis. This crisis likely led governments to deprioritize green innovation for economic stabilization. Regression results using the truncated dataset (2008 onward) show the lcpolicy coefficient remains significant, though with a moderated effect magnitude compared to the full baseline. This indicates that while the crisis suppressed green innovation focus, the LCCP retained a statistically verifiable positive impact on regional green innovation.
4.3.3. Excluding municipalities
While the multiple difference model assumes random selection of pilot cities, actual low-carbon pilot designations often correlate with economic development, historical factors, and geographic location. These pre-existing differences may confound policy effect estimates over time [2]. Notably, the four centrally administered municipalities (Beijing, Shanghai, Tianjin, Chongqing) exhibit elevated green innovation responsiveness due to their economic advantages, potentially biasing sample averages. To address this, we exclude these municipalities and re-estimate Model (1). Results show the lcpolicy coefficient remains significant at the 1% level though with reduced magnitude. This sample refinement improves model performance and suggests that policy effectiveness is constrained by local economic development - a relationship explored further in subsequent heterogeneity analysis.
Table 3. Robustness checks
	
	(1)Replace the explanatory variables
	(2)period adjustment
	(3)Excluding Municipalities

	Variable
	gi_2
	gi_3
	gi
	gi

	lcpolicy
	0.2281***
	0.1669***
	0.3852***
	0.2644***

	
	(0.031)
	(0.026)
	(0.063)
	(0.058)

	lnpgdp
	-0.5039***
	-0.6262***
	-0.8562***
	-0.5875***

	
	(0.090)
	(0.076)
	(0.211)
	(0.194)

	popuden
	0.0005***
	0.0004***
	0.0013***
	0.0013***

	
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	ind_stru2
	-0.0106***
	-0.0080***
	-0.0075
	-0.0105*

	
	(0.003)
	(0.002)
	(0.006)
	(0.005)

	lnpwage
	-0.2879***
	-0.3890***
	-0.4583***
	-0.4573***

	
	(0.078)
	(0.066)
	(0.173)
	(0.157)

	lninternet
	-0.1784***
	-0.1121***
	-0.2090***
	-0.1603***

	
	(0.024)
	(0.021)
	(0.053)
	(0.051)

	Constant
	9.2377***
	11.2675***
	14.8877***
	12.0348***

	
	(1.058)
	(0.896)
	(2.497)
	(2.289)

	City_FE
Year_FE
	YES
YES
	YES
YES
	YES
YES
	YES
YES

	Observations
	2,767
	2,767
	2,049
	2,020

	R-squared
	0.7889
	0.8010
	0.8749
	0.8788


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.
4.4. Heterogenous effects
4.4.1. Regional heterogeneity
This section examines regional heterogeneity in the lcpolicy's effects. Cities across different geographic locations exhibit diverse characteristics—including climatic conditions, topographical features, and economic development levels—potentially generating differential policy impacts. To investigate this, the city sample is categorized into eastern, central, and western regions as well as coastal and non-coastal areas. Table 5 (columns 1-3) presents regional estimation results, showing statistically significant coefficients for the interaction terms in eastern and western regions at the 1% level, indicating stronger policy effectiveness in these regions relative to the central region. The central region's coefficient lacks statistical significance even at the 10% level, potentially attributable to its overrepresentation in pilot cities (exceeding 50% of the total sample) coupled with substantial intra-regional economic disparities—exemplified by pronounced differences between cities like Wuhan/Changsha versus Anqing/Anyang regarding green innovation performance. The analysis confirms that geographic factors significantly moderate lc-policy effectiveness on green innovation, with eastern and western pilot cities experiencing stronger impacts than central regions. Table 5 (columns 4-5) further demonstrates substantially greater green innovation enhancement in coastal versus non-coastal pilot cities. This divergence likely stems from coastal cities' locational advantages—including superior transportation infrastructure and resource accessibility—that facilitate environmental compliance cost absorption and accelerate green innovation adoption. Conversely, non-coastal cities constrained adaptive capacity under stringent environmental regulations yields more modest innovation outcomes.
Table 4. Regional heterogeneity
	
	(1)
Eastern Cities
	(2)
Central Cities
	(3)
Western Cities
	(4)
Coastal Cities
	(5) 
Non-coastal cities

	Variables
	green_innovation
	green_innovation
	green_innovation
	green_innovation
	green_innovation

	lcpolicy
	0.3575***
	0.0682
	0.1298***
	0.6299***
	0.1917***

	
	(0.120)
	(0.050)
	(0.043)
	(0.163)
	(0.053)

	lnpgdp
	-0.9782**
	-0.4785***
	-0.5102***
	-1.0725*
	-0.6087***

	
	(0.387)
	(0.129)
	(0.116)
	(0.555)
	(0.147)

	popuden
	0.0012***
	-0.0003*
	0.0129***
	0.0014***
	0.0005**

	
	(0.000)
	(0.000)
	(0.001)
	(0.000)
	(0.000)

	ind_stru2
	-0.0450***
	0.0136***
	-0.0169***
	-0.0554***
	-0.0155***

	
	(0.013)
	(0.004)
	(0.003)
	(0.018)
	(0.004)

	lnpwage
	-2.8961***
	-0.4408***
	0.1168
	-3.4658***
	-0.2850**

	
	(0.486)
	(0.113)
	(0.073)
	(0.629)
	(0.120)

	lninternet
	-0.3444***
	-0.1161***
	-0.1001***
	-0.0754
	-0.2845***

	
	(0.102)
	(0.035)
	(0.031)
	(0.116)
	(0.043)

	Constant
	44.3238***
	9.4101***
	1.7586
	50.7191***
	10.9625***

	
	(5.274)
	(1.570)
	(1.258)
	(6.851)
	(1.727)

	City_FE
Year_FE
	YES
YES
	YES
YES
	YES
YES
	YES
YES
	YES
YES

	Observations
	1,023
	1,034
	707
	529
	2,235

	R-squared
	0.8258
	0.6904
	0.7839
	0.8652
	0.7436


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.

4.4.2. Heterogeneity in the level of financial development
Based on robustness test findings indicating that lcpolicy’s impact on green innovation is constrained by urban economic development levels, we utilize year-end loan balances of prefecture-level city financial institutions as a proxy measure for this constraint. The sample is bifurcated into higher and lower financial development groups according to the mean loan balance value. Regression analyses controlling for the same covariate set, city fixed effects, and time fixed effects are con-ducted separately for both subsamples. Table 6 displays the estimation results. (Note that these control variables are not shown later in the paper unless otherwise stated.)

Table 5. Heterogeneity in the level of financial development
	
	(1) Cities with high level of financial development
	(2) Cities with low level of financial development

	Variables
	green_innovation
	green_innovation

	lcpolicy
	0.8817***
	-0.0816***

	
	(0.120)
	(0.020)

	Constant
	36.4615***
	5.5407***

	
	(4.864)
	(0.658)

	Control_Variables
	YES
	YES

	City_FE
	YES
	YES

	Year_FE
	YES
	YES

	Observations
	1,052
	1,702

	R-squared
	0.8410
	0.6427


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.

In robustness testing, we observe that lcpolicy's impact on green innovation is constrained by urban economic development levels. Using year-end loan balances of prefecture-level financial institutions as a proxy measure, we bifurcate the sample into high- and low-financial development groups based on the loan balance mean. Regression analyses controlling for covariates with city and time fixed effects reveal in Table 5 that  is positive and statistically significant at the 1% level for financially developed cities, whereas it is negative and significant at the 1% level for financially underdeveloped cities. This indicates that while low-carbon pilots effectively promote green innovation in financially developed pilot cities, they constrain such innovation in financially underdeveloped counterparts. We attribute this divergence to green innovation's substantial capital requirements and high-risk profile: cities lacking financial capacity struggle to mobilize sufficient risk capital for green technology development.
4.4.3. Heterogeneity of resource
Variations in urban resource stem from geographical positioning, climatic conditions, and natural resource availability. Existing research confirms that natural resource endowment significantly influences green growth trajectories [32],[33], while resource disparities hinder regional environmental policy implementation [34]. Consequently, we examine green innovation levels across differentially endowed cities using the ratio of extractive industry employment to total year-end population as a resource endowment proxy. The sample is bifurcated into higher- and lower-resource groups based on this ratio's sample mean. Regression analyses for these subgroups are reported in Table 7.

Table 6. Heterogeneity in the cities with different resource endowments
	
	(1) Cities with high resource endowment
	(2) Cities with low resource endowment

	Variables
	green_innovation
	green_innovation

	lcpolicy
	-0.0896*
	0.4397***

	
	(0.052)
	(0.066)

	Constant
	10.1009***
	21.2568***

	
	(1.717)
	(2.357)

	Control_Variables
	YES
	YES

	City_FE
	YES
	YES

	Year_FE
	YES
	YES

	Observations
	557
	1,989

	R-squared
	0.7344
	0.8260


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.

Table 6 reveals a significant inverse relationship between resource endowment and policy effectiveness: interaction terms show negative coefficients at 10% significance for resource-abundant pilot cities, while exhibiting positive coefficients at 1% significance for resource-scarce counterparts. This indicates that the lc-policy's green innovation impact weakens as city resource endowment increases. We attribute this inverse proportionality to resource-dependent development paths: cities with abundant natural assets prioritize resource-intensive sectors—typically innovation-resistant and path-dependent—which constrains green innovation capacity despite policy intervention. Findings are consistent with [33].
4.5. Hysteresis effect
To examine potential time lags in lcpolicy's effect on green innovation, we extend Model (1) by incorporating policy implementation timing dynamics:
                 (5)
To assess potential time lags in the lcpolicy's innovation effects, we extend Model (1) by incorporating policy implementation at horizon j. Regression results for Model (5) reveal lagged policy impacts: a statistically significant interaction term indicates j-year delayed effects, while non-significance necessitates testing at j+1 to identify when policy effectiveness emerges.
Table 7. Hysteresis effect
	
	(1)
	(2)
	(3)

	Variables
	green_innovation
	green_innovation
	green_innovation

	l_lcpolicy
	0.3735***
	
	

	
	(0.057)
	
	

	llcpolicy
	
	0.3165***
	

	
	
	(0.060)
	

	lllcpolicy
	
	
	0.2389***

	
	
	
	(0.065)

	Constant
	19.1445***
	19.4479***
	15.3855***

	
	(2.052)
	(2.364)
	(2.560)

	Observations
	2,483
	2,231
	1,981

	R-squared
	0.8291
	0.8503
	0.8740


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.

Table 7 demonstrates significant temporal dynamics: the interaction term peaks at t+1 (1% significance), with progressively attenuated effects at t+2 and t+3 (both significant at 1%). This attenuation pattern suggests initial policy impacts stem from regulatory cascades—where abrupt environmental rule revisions immediately disrupt regional industries. As policy implementation matures, industries internalize compliance requirements and optimize operations, gradually diminishing the marginal innovation returns of the policy stimulus.
5. Analysis of the mechanism
The preceding analysis demonstrates that lcpolicy implementation moderately promotes regional green technology innovation while exhibiting multidimensional heterogeneity in policy effects. However, China's historical growth-first development approach has incurred substantial environmental and resource costs through extensive economic models, with local governments often tolerating pollution for economic gains. Escalating environmental challenges in recent years have elevated ecological concerns as a national priority. To quantify the ecological priority shift among Chinese policymakers and citizens, scholars introduced "ecological attention" – an analytical framework grounded in attention theory and governmental decision-making literature [35]. This metric, assessing governmental, corporate, and societal environmental engagement, exerts significant impacts on regional ecological outcomes.
Most of the current literature on ecological attention focuses on its remediation effect on environmental pollution, with most scholars concluding that it contributes to improving regional environmental governance performance, with environmental protection attention having the greatest impact [36],[37]. Some scholars also suggest that ecological attention can have a series of positive impacts from an ecological perspective. For instance, [22] found that government eco-logical attention had a significant positive relationship with firms' investment in environmental protection. Conversely, [21] demonstrate that government ecological attention reduces regional energy use intensity. However, divergent findings exist:[38] analysis reveals governmental ecological attention negatively moderates corporate green innovation levels. To investigate lcpolicy's causal pathways for inducing regional green technology innovation, this paper assesses transmission mechanisms through the keyword word frequency share of prefecture-level city work reports and the public ecological attention of prefecture-level cities.
5.1. Government ecological attention
This study operationalizes governmental ecological attention following [35] and [36], measuring it as the percentage frequency of environmental keywords—including environmental protection, environmental pollution, energy consumption, collaborative development, and environmental co-governance—in prefecture-level government work reports. Higher keyword percentages indicate stronger governmental ecological prioritization. Keyword frequencies were quantified through textual analysis of government documents and relevant academic literature. Government attention lexicon reference appendix.
To verify this mechanism, we employ the keyword percentage (stpercent) in 2007–2017 government work reports to assess ecological attention's effects on green innovation.
5.2. Public ecological attention
Building upon the validated impact of governmental ecological attention on green innovation at the prefecture level, this section examines public ecological attention's effect. The Internet enables measuring public preferences through data on attention to specific events. Following [39], this paper utilizes the frequency of ecological keywords in Internet user searches, news reports, and public media (newspapers, online news) as search, information, and media indices, respectively. Given Baidu's dominance as China's primary search engine, we employ its city-level search index, information index, and media index to quantify public ecological attention (lnstgzd). Descriptive statistics for key mechanism variables appear in Table 8.
Table 8. Descriptive statistical characteristics of mechanism variables
	Variables
	Obs
	Mean
	Std.Dev.
	Min
	Max

	stpercent
	3,622
	0.016
	0.006
	0
	0.250

	lnst
	3,608
	4.405
	0.439
	0
	5.945



Table 9, Column 1 presents coefficient estimates for both lc-policy and ecological attention effects on green innovation. The interaction term coefficient (0.3950) echoes the baseline finding from Table 3, achieving statistical significance at the 1% level. Column 2 registers an interaction coefficient of 0.0010, significant at the 10% level, thereby supporting H2. Collectively, these outcomes demonstrate that governmental ecological attention reinforces urban green innovation.
Column 2 of Table 9 confirms prior findings, showing a statistically significant coefficient (0.1249, 1% level) for public ecological attention. This indicates stronger promotion of green innovation from public attention versus government attention. We attribute this differential impact to our green patent-based innovation metric: heightened public ecological concern elevates environmental awareness, increasing green innovation likelihood. Collectively, this study establishes that the lc-policy boosts regional green innovation by elevating both governmental and public ecological attention, validating H2 and confirming ecological attention as a key transmission channel.
Table 9. Mechanism analysis
	
	(1)Baseline regression
	(2) Government Ecological Attention
	(3) Public Ecological Attention

	Variables
	 green_innovation
	stpercent
	lnstgzd

	lcpolicy
	0.3950***
	0.0010*
	0.1294***

	
	(0.054)
	(0.001)
	(0.047)

	lnpgdp
	-1.1301***
	0.0025*
	0.1522

	
	(0.158)
	(0.001)
	(0.114)

	popuden
	0.0010***
	-0.0000
	0.0008***

	
	(0.000)
	(0.000)
	(0.000)

	ind_stru2
	-0.0186***
	-0.0001
	0.0019

	
	(0.005)
	(0.000)
	(0.003)

	lnpwage
	-0.6769***
	0.0013
	-0.0100

	
	(0.138)
	(0.001)
	(0.067)

	lninternet
	-0.2905***
	0.0008**
	-0.0937***

	
	(0.043)
	(0.000)
	(0.030)

	Constant
	20.5052***
	-0.0231
	9.8885***

	
	(1.866)
	(0.018)
	(1.257)

	Observations
	3,598
	2,790
	1,267

	R-squared
	0.6616
	0.2333
	0.9693


Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 respectively.
6. Conclusions and suggestions for countermeasures
Ecosystem crises exhibit growing severity, and recent years have seen a growing consensus on enhancing environmental monitoring and protection [38]. This study empirically investigates the influence of low-carbon city pilot policies on regional green innovation, with special emphasis on ecological attention mechanisms. Analyzing prefecture-level city green patent data reveals these policies significantly stimulate green innovation, exhibiting stronger effects on invention patents than utility models. Baseline results prove robust across multiple specification checks—including parallel trends, variable substitution, and temporal adjustments. As a key contribution, we validate ecological attention as a critical transmission channel: policy implementation elevates governmental and public environmental engagement, subsequently enhancing regional innovation outcomes. Notably, public ecological attention demonstrates stronger innovation-driving effects than its governmental counterpart.
Our paper advances the following policy implications aimed at enhancing low-carbon city pilot initiatives and green innovation.
(1) This study confirms that low-carbon city pilot policies effectively stimulate green innovation, propelling China's sustainable development and accelerating progress toward carbon peaking and neutrality targets. As China shifts toward high-quality economic growth, ecological governance proves instrumental in transforming development models. These findings support national objectives to leverage green technology for quality growth, indicating that pilot cities should systematically evaluate implementation experiences to establish replicable frameworks and strategically expand policy coverage. 
(2) Geographical and resource endowment heterogeneity exists in the effects of low-carbon city pilot policies. Regions should establish differentiated policy goals to further promote green innovation development. Our heterogeneity analysis reveals that due to variations in economic conditions, infrastructure, industrial composition, and resource endowments, policy effects in central inland cities are less pronounced compared to eastern coastal developed cities. Consequently, each pilot city—particularly central inland ones—should leverage local economic levels and industrial structures, exercising subjective initiative to formulate feasible low-carbon policy guidance. This approach enhances implementation effectiveness and accelerates regional green innovation. 
(3) Given the low-carbon city pilot policy’s weak binding power, policymakers must enhance supervision and guidance. Our analysis of ecological attention mechanisms shows that while both municipal government and public ecological attention promote green innovation, public attention exerts a noticeably stronger effect. As a weakly binding policy, the current framework inadequately stimulates green innovation. Policymakers should therefore strengthen policy bindingness during formulation and provide reasonable supervision and guidance to pilot cities.
While this study provides initial evidence of LCCPs' impact on green innovation, several limitations warrant acknowledgment. First, our hysteresis analysis indicates policy effects exhibit time lags; however, comprehensive assessment is precluded by insufficient post-2017 data coverage following the third policy batch. Second, ecological attention measurement relies on keyword proxies due to data constraints, limiting empirical validation of its innovation mechanisms. These findings necessitate further verification through longitudinal data and refined attention metrics. Finally, as low-carbon city pilots represent an ongoing, expanding initiative, future research should exploit extended time horizons for multidimensional policy evaluation.
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