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Abstract


In the context of China’s accelerated “dual transition” towards industrial intelligence and green development, this paper investigates how local government decarbonization pressures affect urban industrial intelligence in China. Using the Low-Carbon City Pilot policy as a quasi-natural experiment, a staggered difference-in-differences approach and Causal Forest model reveal the following findings: (1) Local government decarbonization pressures significantly boost urban industrial intelligence. (2) Local government decarbonization pressures foster intelligent development by encouraging the introduction of intelligent policies, which motivate enterprises to adopt proactive strategies. Meanwhile, the pressures compel enterprises to engage in source-based environmental governance, resulting in a passive intelligent response. Together, these approaches enhance urban industrial intelligence. (3) Fiscal pressure negatively moderates the relationship between local government decarbonization pressures and urban industrial intelligence. (4) There is an inverted U-shaped relationship between openness to foreign trade and the Conditional Average Treatment Effect (CATE), while CATE is higher for cities with higher urban labor costs. (5) Finally, urban industrial intelligence effectively channels local government decarbonization pressures into measurable emission reductions. These findings have significant policy relevance for building a low-carbon, intelligent society.
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1. Introduction


Carbon emissions have become a critical issue at the national level over the years, due to their contribution to local air pollution, acid rain, and climate change. In China, which is the world’s largest carbon emitter, the National Development and Reform Commission of China launched three rounds of Low-Carbon City Pilot (LCCP) policies in 2010, 2012, and 2017, as a critical step toward its national carbon goals. The cities involved in the LCCP are critical in setting appropriate emission targets, assessing emission indicators, and testing new policies to promote low-carbon industries and technologies to meet local needs. Consequently, local governments of these cities face intensified decarbonization pressures. However, balancing decarbonization with high-quality development remains a significant challenge. Recent studies highlight industrial intelligence—integrating big data analytics, AI, and automation across production processes to enable data-driven, autonomous decision-making and adaptive self-learning—as a promising solution for improving energy and environmental performance [1,2]. Given the pivotal significance of industrial intelligence in global technological competition [3,4,5], it is essential to explore whether local governments, under decarbonization pressure, will utilize it to simultaneously achieve decarbonization and high-quality development. Answers to this question provide policymakers with valuable insights for formulating effective low-carbon transformation strategies, thereby advancing high-quality development and addressing global climate imperatives.



Different from previous studies that focus on the effects of LCCP policies, this study employs the policy as an instrument of local governments’ decarbonization pressures, and examines how decarbonization pressures influence their behavior. Using panel data from 283 Chinese cities between 2007 and 2019, the LCCP policies are leveraged as a quasi-natural experiment, and a staggered DID specification and a Causal Forest model are employed to examine the impact of local government decarbonization pressures on urban industrial intelligence. The analysis reveals an increase of 1.96 industrial robots per 10,000 employees after the implementation of the policies, indicating that local government decarbonization pressures significantly boost urban industrial intelligence. Mechanism analysis shows that local government decarbonization pressures promote urban industrial intelligence by encouraging intelligent policies and enterprises’ source-based environmental governance.



Potential endogeneity concerns are addressed through several approaches. The parallel trends assumption is verified with a dynamic DID regression. Selection bias and unobserved heterogeneity are mitigated through the PSM-DID method. A series of robustness tests are conducted to ensure the reliability of the results. Placebo tests confirm that the findings are not driven by any time trends. Regressions are rerun with Callaway and Sant Anna’s [6] estimators, and additional checks are conducted by replacing the key explanatory variable to avoid bias caused by potential measurement error, and by controlling for confounding policies during the same period.



Additionally, China’s 1994 tax-sharing reform, which transferred major taxes like VAT to the central government, significantly cut local revenues [7]. However, local governments still must fulfill various high-quality development objectives, creating a mismatch between constrained revenues and escalating expenditures, highlighting the need to explore the moderating role of fiscal pressure on how local government decarbonization pressures impact urban industrial intelligence. The results indicate that fiscal pressure weakens the effect of local government de-carbonization pressures on urban industrial intelligence. Specifically, each additional unit of fiscal pressure reduces the effect by 1.89 industrial robots per 10,000 employees.



Econometric models excel in interpretability and robustness but often fail to capture heterogeneous treatment effects. Causal Forests, combining Random Forests with causal inference, address this limitation by uncovering nonlinear relationships and identifying individual effects across subgroups [8]. Thus, Causal Forests are further employed to identify variable importance and analyze heterogeneity. An inverted U-shaped relationship is revealed between openness to foreign trade and the Conditional Average Treatment Effect (CATE), while a positive correlation between labor costs and CATE is also identified. Lastly, the decarbonization impact of industrial intelligence is assessed and confirmed to be positive.



The research mainly contributes to the literature on the relationship between local government decarbonization pressures and urban industrial intelligence. Research on industrial intelligence has primarily examined its impact on employment [9,10,11,12,13,14,15], and a few studies have explored the decarbonization effects of industrial robots [1,16]. However, the extent and mechanisms of local governments’ role in the development of industrial intelligence, particularly under decarbonization pressures from higher-level authorities, remain understudied in the literature. The work of Zhang and Zhang [17] is the most closely related to this paper. They examined how environmental regulation induces firm digitalization. Different from them, the study focuses on the behavior of the local government, examining how local government characteristics influence policy effectiveness.



The second contribution is that enterprise environmental governance is differentiated into source-based and end-of-pipe governances, an area rarely touched on in existing studies. Sun et al. [18], closely related to this work, classified corporate environmental investments into source-based and end-of-pipe types, showing that green mergers and acquisitions only promote source-based investment. However, different from their study, this study explores how these two governance mechanisms mediate the impact of local government decarbonization pressures on urban industrial intelligence.



Lastly, this paper also contributes to the literature by applying the Causal Forest model, an advanced machine learning technique, to examine the heterogeneous effects of local government decarbonization pressures on urban industrial intelligence.



The remainder of this paper is organized as follows. Section 2 presents the hypotheses development, Section 3 describes the model setting and variable selection, Section 4 discusses the empirical results, Section 5 examines heterogeneity using Causal Forests, Section 6 tests the decarbonization effects of industrial intelligence, and Section 7 concludes with policy implications.




2. Hypotheses Development


2.1. China’s Pressure-Based System and Local Government Decarbonization Pressures


China’s unique “pressure-based system” is characterized by a quantitative task segmentation method with hierarchical breakdowns, a materialized multi-level evaluation system, and a political and economic reward–penalty mechanism [19]. This system uses evaluation outcomes as criteria for officials’ appointments and promotions, prompting various government levels to fulfill assigned tasks and targets under stringent evaluation-driven pressure [20].



While local governments face pressures from multiple sources, such as the top-down performance evaluation pressure exerted by higher-level governments on local governments, the horizontal competition pressure among neighboring cities, and the bottom-up demand pressure from citizens on local government, the core mechanism behind these pressures remains “politicization”—higher-level governments, particularly the central government and various Party committees, designate certain key development tasks as “political tasks” and motivate lower-level governments and functional departments to achieve these tasks through political promotions or economic incentives [21].



Following the economic reforms, economic development was established as a central political directive and became the foremost “political task”. Under the policy of prioritizing economic development, China has used GDP growth rates as a key indicator of political performance for decades, prompting local governments to engage in a “GDP-centered promotion tournament” driven primarily by promotion incentives. This tournament model provided local officials with strong incentives to promote local economic growth, contributing to what has been described as China’s “economic growth miracle”. However, it also resulted in significant resource wastage and environmental degradation, becoming one of the institutional foundations of China’s extensive growth model [19].



To shift away from an extensive economic growth model and reduce high carbon emissions, China has gradually introduced greenhouse gas emission reduction targets and the “dual carbon” strategy. As a result, carbon reduction has become an increasingly important “political task”. This change has brought about a rising number and greater weight of indicators related to energy conservation, emission reduction, and carbon reduction within the performance evaluation system, as the system evolves from a single-metric focus to a multi-goal framework, including sustainable economic development, social welfare improvement, social progress, and ecological civilization. It has ultimately resulted in growing decarbonization pressures for local governments.




2.2. Local Government Decarbonization Pressures and Urban Industrial Intelligence


Local government officials, driven by the prospect of promotion through achieving environmental governance goals, are incentivized to transfer their decarbonization pressures to other economic entities within their jurisdictions. Consequently, as key players in market economic activities and major sources of carbon emissions, enterprises become the primary recipients of these pressures. Furthermore, enterprises are central to driving industrial intelligence, with the transformation and upgrading of their production systems being crucial for industrial advancement and gaining technological leadership. Under the influence of local government decarbonization pressures, the enthusiasm and initiative of enterprises in pursuing intelligent development directly affect the progress and outcomes of overall urban industrial intelligence. Figure 1 illustrates the mechanisms through which local government decarbonization pressures affect urban industrial intelligence from the perspectives of both “proactive” and “passive” industrial intelligence of enterprises. Proactive industrial intelligence denotes enterprises’ voluntary adoption of intelligent practices in response to supportive policies, while passive industrial intelligence reflects compelled adoption under regulatory pressure to achieve emission reduction and sustainability goals.



First, under decarbonization pressures, local governments proactively promote various low-carbon technologies, including energy-saving and efficiency-enhancing technologies, non-fossil energy technologies, alternatives for fuels and raw materials, carbon capture, utilization, and storage technologies, and carbon sink technologies. Among these, intelligent technology is a crucial subset of energy-saving and emission-reduction technology. Recognizing that enhancing industrial core competitiveness through industrial intelligence has become a global consensus and trend, local governments prioritize intelligent technology as a primary low-carbon solution, thereby introducing more intelligent supportive policies, including financial incentives, policy consulting, expedited approvals, expanded financing, the designation of model intelligent enterprises, and industry–academia cooperation. These measures encourage enterprises to proactively adopt intelligent solutions to achieve decarbonization, ultimately contributing to urban industrial intelligence at the macro level.



Second, as suggested by the Porter Hypothesis [22], local government decarbonization pressures strengthen environmental regulations, raising compliance costs for enterprises and “forcing” them to decarbonize through internal environmental governance passively [22]. Some enterprises may pursue source-based governance, which primarily relies on intelligent products and technologies, to optimize production processes, while others may resort to lower-cost end-of-pipe governance by installing pollution control devices like desulfurization and dust removal systems [23]. However, in response to local governments’ long-term focus on ecological governance performance, an increasing number of enterprises are moving toward source-based governance to achieve decarbonization and avoid penalties, thereby advancing urban industrial intelligence.



Based on the above analysis, the following hypothesis is proposed:



H1: 

Local government decarbonization pressures significantly promote urban industrial intelligence.






2.3. The Moderating Effect of Local Government Fiscal Pressure


Amid slowing economic growth, unsustainable land-based financing, and rising local debt, local governments in China are under increasing fiscal pressure.



Due to the constraints of short official tenures and the long investment recovery periods associated with industrial intelligence, local governments may exhibit shortsighted behavior in governance. This can manifest in a “race to the bottom” strategy, by reducing investments in environmental management and regulation to cut fiscal expenditures [24]. This approach indirectly lowers carbon reduction costs for highly polluting enterprises by diminishing their motivation to cut emissions. Consequently, the intended “passive” industrial intelligence transformation mechanism for enterprises becomes ineffective. This may even “crowd out” corporate investments in intelligent technologies [25], thereby hindering the advancement of industrial intelligence in urban areas. Hence, the following hypothesis is further proposed:



H2: 

Fiscal pressure diminishes the positive effect of local government decarbonization pressures on urban industrial intelligence.







3. Model Setting and Variable Selection


3.1. Model Setting


As discussed above, local governments in low-carbon pilot cities typically face greater decarbonization pressures due to their role in demonstrating leadership in low-carbon development and their responsibility for policy innovation. Therefore, the LCCP policy is used as a quasi-natural experiment to construct variables that measure local government decarbonization pressures. A staggered DID model and a Causal Forest model are employed to investigate the impact of local government decarbonization pressures on urban industrial intelligence.



3.1.1. Staggered DID Model




  U I  I  i , t   =  β 0  +  β 1  t r e a  t i  × p o s  t t  +  β 2   X  i , t   +  η i  +  η t  +  ε  i , t    



(1)




where i and t represent city and year, respectively. The dependent variable   U I  I  i , t     is urban industrial intelligence, while the key variable of interest   t r e a  t i  × p o s  t t    is local government decarbonization pressures.    X  i , t     is a set of control variables.    η i    and    η t    account for city-fixed and year-fixed effects, respectively, while    ε  i , t     represents the random error term.




3.1.2. Causal Forest Model


Traditional Random Forest models are ensemble learning methods based on decision trees and employ the bootstrap method for resampling with replacement to generate B training sets. Each training set trains a decision tree by minimizing Mean Squared Error (MSE), creating a “forest” of B trees to predict the target variable Y from feature set X. In this model, the output of a single decision tree is the average observed Y at the leaf node, and the final output of the Random Forest model is the average of all trees. Despite strong predictive capabilities, the traditional Random Forest model cannot directly estimate the average treatment effect for causal analysis.



The Causal Forest model enhances traditional Random Forests by incorporating them as an Adaptive Kernel Method within a Partially Linear Model framework for treatment effect estimation. Thereby, the Random Forest model is endowed with the capability for causal inference [26]. Compared to traditional Random Forests, the Causal Forest model introduces several differences. First, prediction objective is different: traditional Random Forests estimate Y, while Causal Forests, using “causal trees,” estimate causal effects. Second, the methods adopt different criteria for data partitioning. Traditional forests split nodes to minimize MSE, while Causal Forests maximize heterogeneity in treatment effects at each node split. Third, the model fitting approach differs. Traditional forests divide data into training and test sets. Causal Forests use an “honest” approach, splitting training data into subsets for tree construction and treatment effect estimation, reducing overfitting and bias. Compared to traditional econometric models, Causal Forests integrate the principles of Random Forests and causal inference, addressing treatment group selection bias and enabling the estimation of heterogeneity in experimental studies. This method demonstrates robust statistical properties, particularly in analyzing heterogeneous effects [8].



First, the Conditional Average Treatment Effect (CATE) in Causal Forests is represented as:


  τ ( x ) = E [  Y i  ( 1 ) −  Y i  ( 0 ) |  X i  = x ]  



(2)




where    Y i  ( 1 )   denotes the target observed value for the treatment group,    Y i  ( 0 )   denotes the target observed value for the control group, and   τ ( x )   represents the conditional expectation of the difference between the treatment and control groups.



Subsequently, by analyzing the average treatment effects across various dimensions of cities, it is possible to more accurately explore the heterogeneous impact of local government decarbonization pressures on urban industrial intelligence with different characteristics, referred to as heterogeneous treatment effects (HTEs). By applying the Causal Forest algorithm to the covariate space of cities, the HTE estimates can be derived, as illustrated in Equation (3), to analyze the impact of LCCP policies.


   τ ^  =      ∑  i = 1  n    α i  ( x ) (  Y i  −   m ^   ( − i )   (  X i  ) ) (  W i  −   e ^   ( − i )   (  X i  ) )       ∑  i = 1  n    α i  ( x )   (  W i  −   e ^   ( − i )   (  X i  ) )  2        



(3)




where    W i    represents the treatment variable, which corresponds to the key variable of interest   t r e a  t i  × p o s  t t    in this study;    Y i    denotes the outcome variable, referring to the level of urban industrial intelligence;    X i    refers to the covariates, representing the set of control variables in this study.    α i  ( x )   is the data-adaptive kernel formed by the machine learning algorithm.   e (  X i  ) = P [  W i  |  X i  =  x i  ]   indicates the propensity scores for matching treated and control cities, following a uniform distribution between 0 and 1;   m (  X i  ) = E [  Y i  |  X i  =  x i  ]   represents the expected policy treatment effect for the studied cities under treatment and control conditions. The symbol -i signifies “out-of-bag” (OOB) prediction, meaning that    Y i    is excluded from the calculation of     m ^   ( − i )   (  X i  )  .



Given the advantages of econometric models in interpretability, significance, and robustness, as well as their applicability in mechanism testing and model expansion, a staggered DID model is employed for baseline regression, mechanism analysis, and moderation effect analysis. Additionally, Causal Forests effectively capture sample heterogeneity, revealing complex nonlinear relationships and identifying individual effects across different subgroups. Therefore, Causal Forests are used for variable importance identification and subsequently conducts a heterogeneity analysis.





3.2. Variable Selection and Measurement


The selection and processing of specific indicators are outlined as follows:



3.2.1. Dependent Variable


The dependent variable, denoted UII, represents the level of urban industrial intelligence. Industrial robots, which combine AI (“software”) with production equipment (“hardware”), embody industrial intelligence; thus, their application effectively reflects the level of industrial intelligence. Utilizing industry-level industrial robot stock data from IFR on China, a city-level indicator of industrial robot penetration is developed, defined as the number of industrial robots per 10,000 employees, following Acemoglu and Restrepo [9], to quantify urban industrial intelligence across Chinese cities.



The construction process is as follows: Based on the old-to-new category correspondence table of China’s Industrial Classification for National Economic Activities, the industrial sub-sector classifications (two-digit codes) within the sample period were standardized according to the current “Industrial Classification for National Economic Activities” (GB/T 4754-2017). Based on the mapping between the “Industrial Classification for National Economic Activities” (GB/T 4754-2017), IFR industry classification, and the “International Standard Industrial Classification of All Economic Activities” (ISIC) Rev. 4, China’s industrial sub-sector data was matched with the IFR industrial robot stock data. This enabled the calculation of the industrial robot penetration rate for each city.



Specifically, the first step involves calculating the employment structure at the city level. IFR has provided annual data on industrial robots by different industries in China from 2006 onward. To avoid the confounding impact of industrial robot adoption on the labor market, the employment structure is determined based on the ratio of employment in each industrial sub-sector to the total employment in the city at the end of 2005. In Equation (4),   L _ s t r u c t   ure   i , j     represents the employment structure of industrial sub-sector j in city i,   e m p   loy   i , j , t = 2005     denotes the number of employees in industrial sub-sector j in city i for the year 2005, and   e m p   loy   i , t = 2005     refers to the total number of employees in city i for the year 2005.


  L _ s t r u c t u r  e  i , j   =    e m p l o  y  i , j , t = 2005     e m p l o  y  i , t = 2005       



(4)







The second step calculates the industrial robot penetration rate at the national level for each industrial sub-sector using IFR’s sector-specific industrial robot data and national-level employment data. Here,    exposure  j , t   C H     denotes the industrial robot penetration rate for industrial sub-sector j in year t,    L  j , t = 2005   C H     represents the number of employees in industrial sub-sector j in 2005, and   M  R  j , t   C H     indicates the stock of industrial robots in industrial sub-sector j in year t.


   exposure  j , t   C H   =    M  R  j , t   C H      L  j , t = 2005   C H       



(5)







The third step calculates the industrial robot penetration rate for city i in year t by summing the products obtained from the previous two steps. Specifically, this is done by multiplying the employment structure of each industrial sub-sector j in city i by the corresponding national-level industrial robot penetration rate for that sub-sector in year t, and then summing these products.


  U I  I  i , t   =   ∑  j ∈ J    L _ s t r u c t u r  e  i , j   ×  exposure  j , t   C H      



(6)








3.2.2. Key Variable of Interest


The key variable of interest is denoted   t r e a  t i  × p o s t  .   t r e a  t i    represents a dummy variable indicating cities included in the low-carbon city pilot. A value of 1 is assigned if a city is designated as a pilot city, and 0 otherwise.   p o s  t t    equals 0 before the city is designated as a low-carbon pilot city, and 1 during and after the year of designation. The announcement of the second batch of low-carbon cities occurred in December 2012. Considering the lag in policy implementation, 2013 is used as the starting year for this batch of pilots. The start dates for the first and third batches of pilot programs are determined based on the dates of official document publication.




3.2.3. Control Variables


Drawing on the research of Cheng and Zhang [27], the control variables selected for this study are as follows:




	(1)

	
Economic Development Level (lnpgdp): Economic development results from the advancement of productivity and technological progress, while technological progress itself requires economic development as support. More developed regions tend to accumulate more capital, technology, and talent than less developed regions, which are necessary factors for industrial intelligence and facilitate the enhancement of industrial intelligence levels. In this study, the logarithm of per capita GDP at constant 2007 prices is used to measure the level of regional economic development.




	(2)

	
Population Density (population): A higher population density signals a more extensive local market, thereby increasing the potential appeal to investors. It also reflects a higher concentration of skilled professionals, which can stimulate regional learning effects. Increased investment and talent aggregation facilitate the innovation, influx, and application of emerging artificial intelligence technologies, thereby further promoting the improvement of regional industrial intelligence levels. This study measures population density by the number of people per unit area.




	(3)

	
Labor Costs (wage): The weakening of China’s demographic dividend has led to rising labor costs. On the one hand, the increased labor costs may “crowd out” investments in artificial intelligence innovation and industrial intelligent equipment, thereby restricting the development of industrial intelligence. On the other hand, the increased labor costs may “push” regions to adopt industrial robots and other intelligent equipment to reduce labor expenses, which in turn promotes the advancement of industrial intelligence. In this study, average employee wages are used to measure regional labor costs.




	(4)

	
Human Capital Level (human): High levels of human capital are fundamental for regional technological progress and intelligent innovation. This study measures human capital level by the ratio of population with a college diploma or higher to the total resident population.




	(5)

	
Financial Development Level (finance): On the one hand, higher levels of financial development enable regions to supply sufficient capital to support the development of industrial intelligence, thus promoting its progression. On the other hand, such regions may allocate funds to sectors with shorter investment return cycles, potentially hindering the development of industrial intelligence. In this study, the ratio of year-end financial institution loan balances to GDP is used to measure the level of regional financial development.




	(6)

	
Openness to Foreign Trade (open): On the one hand, regions with higher levels of openness are more likely to introduce advanced technologies, equipment, and production processes, which can enhance the development of industrial intelligence. On the other hand, such regions may direct funds to foreign markets, creating a “crowding-out effect” that reduces local investments in industrial intelligence, thereby hindering its progress. In this study, the ratio of total import and export values to GDP is used to measure the level of regional openness.




	(7)

	
Industrial Development Level (industry): Regions with more advanced industrial development tend to have larger-scale industrial activity, which can complicate the transformation process and thus slow the progress toward industrial intelligence. This research measures industrial development level by the proportion of industrial value added to GDP.




	(8)

	
Scientific Expenditure Level (science): Innovation activities such as artificial intelligence and process innovation are core drivers of industrial intelligence. Higher levels of regional scientific expenditure indicate greater investment in innovation, fostering a favorable innovation ecosystem. This, in turn, enhances regional innovation capacity and increases the potential for industrial intelligence development. The ratio of government financial science expenditure to GDP is used to measure the science expenditure level in the study.









The names, symbols, and measurement methods of the variables are summarized in Table 1.





3.3. Sample Selection, Data Sources, and Descriptive Statistics


After excluding cities with significant data gaps, a panel dataset of 283 cities for the period 2007–2019 is compiled, considering the limited availability of industrial robot data.



Industrial robot stock data are obtained from the International Federation of Robotics (IFR), while city characteristics are obtained from the China City Statistical Yearbook and cities’ annual economic and social development reports. Table 2 reports summary statistics.





4. Empirical Results Analysis


4.1. Baseline Regression Analysis


Table 3 reports the baseline regression results. The coefficients of treat × post are all significantly positive at the 1% level. The industrial robot penetration increased by 1.96 after the implementation of the pilot program in Column 3, when city characteristics are controlled for. The coefficient suggests that the local government decarbonization pressures substantially promote the development of urban industrial intelligence.




4.2. Parallel Trend Test and Placebo Test


4.2.1. Parallel Trend Test


One condition of the DID model to yield unbiased treatment effect is that the treatment and control groups satisfy the parallel trend assumption. This means that, prior to policy implementation, the industrial intelligence levels of the treatment and control groups should follow a similar trajectory, or alternatively, the coefficient of the core explanatory variable should not be statistically significantly different from zero. To test the condition, the event study method is employed for the parallel trend test, which can be represented as follows:


  U I  I  i t   =  a 1  +   ∑  t = − 10  9    δ τ   D  i t   +  a 2   X  i t   +  φ ι  +  φ τ  +  ε  ι τ      



(7)







   D  i t     represents a set of dummy variables indicating the event years, where the value is 1 if city i is designated as a low-carbon city pilot in year t, and 0 otherwise.    φ ι    and    φ τ    denote individual and time fixed effects, respectively. Attention is focused on the coefficient    δ τ   , which captures the difference in industrial intelligence levels between pilot and non-pilot cities in year t following the implementation of the LCCP policy.



The coefficients of the above regression are presented in Figure 2. The coefficient estimates for most periods preceding the implementation of the LCCP policy are not significantly different from zero, and no significant trend is observed. However, after the implementation, the coefficient estimates are significantly greater than zero and show an increasing trend over time. This indicates that there were no significant differences in the levels of industrial intelligence between pilot and non-pilot cities prior to the policy implementation, confirming that the model satisfies the parallel trend assumption.



Moreover, this study satisfies the three identification assumptions proposed by Callaway and Sant Anna [6]: (i) multiple time periods, (ii) variation in treatment timing, and (iii) the potential validity of the “parallel trends assumption” after conditioning on observed covariates. Therefore, to further mitigate the potential bias in the estimation from a staggered DID model, additional tests are conducted following the methodology proposed by Callaway and Sant Anna [6]. As shown in Table 4, the Pretrend Test fails to reject the null hypothesis, indicating that all pre-treatment values are equal to 0, thus passing the parallel trends test. Moreover, the Simple Average Treatment Effect is significantly positive at the 10% level, confirming the robustness of baseline results.




4.2.2. Placebo Test


(1) Temporal placebo test: To rule out the possibility that the observed differences in industrial intelligence development between the treatment and control groups are due to time trends, the implementation year of the LCCP policy is brought forward by 1, 2, 3, and 4 years to create pseudo policy timing indicators, denoted did_1, did_2, did_3, and did_4, respectively. The results, presented in Table 5, show that the coefficients for did_1, did_2, did_3, and did_4 are not statistically significant at the 10% level. This indicates that there are no systematic time trends differentiating the treatment and control cities, confirming that local government decarbonization pressures effectively promote urban industrial intelligence.



(2) City placebo test: To mitigate the influence of unobservable omitted variables on the baseline regression results, this section performs a placebo test by substituting cities in the treatment group. To maintain the same number of cities in the treatment group, 123 cities are randomly selected from the sample as a pseudo treatment group, with the remaining cities serving as the pseudo control group. This procedure estimates the impact of the LCCP policy on industrial intelligence for these placebo cities. The process is repeated 500 times, and the distributions of the estimated coefficients (the x-axis) and their corresponding p-values (the left y-axis) are visualized in Figure 3. The result indicates that the regression coefficients are centered around zero and follow a normal distribution, with 77.4% of results being statistically insignificant. The coefficient from the baseline regression (indicated by the vertical dashed line in the figure) falls in the upper tail of the distribution of placebo regression coefficients, making it a rare event in the city placebo test. This suggests that the baseline estimation results are unlikely to be driven by unobservable factors.





4.3. Robustness Test


4.3.1. PSM-DID Robustness Test


The selection of low-carbon pilot cities is likely non-random. To mitigate issues of omitted variable bias or pre-existing selection bias, this study employs the Propensity Score Matching (PSM) method within a PSM-DID framework for robustness testing.



First, covariates are chosen based on balance test results between the treatment and control groups in Table 6. The test results indicate that wage, human, finance, open, industry, and science can serve as covariates for Propensity Score Matching.



In the second step, a logistic regression model and nearest-neighbor matching are applied for Propensity Score Matching, followed by a post-matching balance test. As shown in Table 7 and Figure 4, all covariates have a percentage of bias below 10%, significantly lower than the pre-matching percentage of bias values. At the 5% significance level, the null hypothesis is not rejected, indicating no systematic bias in covariate values between the two groups.



In the third step, a DID test is conducted based on the Propensity Score Matching results. Columns (1) and (2) in Table 8 present the baseline regression results without and with control variables, respectively, while column (3) shows the PSM-DID robustness test results. These findings indicate that decarbonization pressures from local governments significantly enhance urban industrial intelligence, further corroborating the conclusions of this study.




4.3.2. Confounding Policies


Intelligent manufacturing is a critical method for enterprises to upgrade their industrial intelligence. To accelerate China’s transition to intelligent and digitalized manufacturing, and to comprehensively advance the Made in China 2025 initiative, the Ministry of Industry and Information Technology (MIIT) released a series of announcements from 2015 to 2018, titled Announcement on the List of Intelligent Manufacturing Pilot and Demonstration Projects. Between 2015 and 2018, the MIIT issued a series of announcements titled List of Intelligent Manufacturing Pilot Demonstration Projects. These initiatives employed a phased approach, beginning with pilot projects and subsequently expanded, aiming to promote the development of industrial intelligence across the country.



To eliminate the potential confounding effect of the intelligent manufacturing demonstration projects on the results, an interaction term “whether the city has a pilot intelligent manufacturing enterprise (pilot)” and “post-policy implementation (implement)” is added into the baseline model for empirical testing. The interaction term takes the value of 1 if the city hosts pilot intelligent manufacturing enterprises and the year is greater than or equal to the policy implementation year; otherwise, it is set to 0. Additionally, the number of pilot intelligent manufacturing enterprises in city i during year t (variable quantity) is used to replace the interaction term to further verify the robustness of baseline results.



Column (1) of Table 9 reports the results after including the policy interaction term, and Column (2) presents the results after incorporating the number of pilot enterprises. The coefficients of the treat × post remain significantly positive at 1% levels, respectively. This indicates that, even after accounting for the confounding policy, local government decarbonization pressures still significantly promote urban industrial intelligence.




4.3.3. Replacing the Key Variable of Interest


Before 2013, the local government cadre evaluation system primarily relied weakly enforceable “soft target” and qualitative assessments, with a minimal level of quantitative evaluation. The evaluations focused largely on economic performance, while “environmental protection and ecological conditions” is merely a second-order indicator. Consequently, despite the central government’s introduction of numerous laws and regulations and establishment of a top-down environmental management system, the pressure for decarbonization created by the central government’s cadre evaluation system was insufficient. The lack of motivation hindered the effectiveness of relevant environmental policies at the local level.



In 2013, the Organization Department of the CPC Central Committee issued the Notice on Improving the Performance Evaluation of Local Party and Government Leaders. The Notice explicitly stressed the weight of environmental protection indicators, thereby signaling the central government’s commitment to carbon reduction and its policy priorities to local government officials. It marked a significant shift in the central government’s emphasis on local ecological and sustainable development capabilities.



Following the central government’s directives to reform the cadre evaluation system, local governments have progressively enhanced quantitative indicators for performance assessments, elevating environmental protection to a primary category alongside economic, social, and livelihood factors. This shift has notably increased the weight of environmental indicators, such as carbon emissions. With the release of the Notice, the focus of local government cadre evaluations shifted from economic performance to environmental protection and sustainable development. The change has established a direct link between environmental governance performance and officials’ career advancement, transforming decarbonization pressures on local governments from implicit to explicit.



Furthermore, since the Report on the Work of the Government serves as policy documents outlining the agendas of different levels of government, higher decarbonization pressures on a local government is reflected by more frequent mentioning of environmental protection and carbon reduction-related terms in its reports, indicating stronger governmental pressure in this regard.



To assess the impact of the explicit shift in decarbonization pressures on urban industrial intelligence with varying levels of decarbonization pressures, the interaction between the frequency of environmental and carbon reduction-related words in the Reports on the Work of the Government and the policy shift marking the explicit increase in decarbonization pressures (pressure × post2013) is used as the key variable of interest. The results in column (3) of Table 9 indicate that the coefficient of pressure × post2013 is significantly positive at the 1% level, indicating that the intensified decarbonization pressures have significantly accelerated urban industrial intelligence, corroborating the positive effect of decarbonization pressures on urban industrial intelligence.





4.4. Mechanisms


4.4.1. The Implementation of Intelligent Policy


The Report on the Work of the Government, presented annually at municipal People’s Congress meetings, outlines administrative agendas and summarizes achievements and sets economic, social, cultural, and environmental goals for the year. The frequency with which a task is mentioned serves as an indicator of its political priority. Local support for intelligent low-carbon technology is measured using the word count (promotion1) and frequency (promotion2) of industrial intelligence-related keywords in these reports. To control for confounding effects of national intelligent manufacturing policies, a binary variable pilot × implement indicating cities with intelligent manufacturing demonstration projects is included, as specified in column (1) of Table 9.



Panel A of Table 10 reports the results. The coefficients of treat × post reported in columns (1) and (2) are positive and significant. The Report on the Work of the Government includes 0.46 more industrial intelligence-related keywords after the pilot program, revealing that local government decarbonization pressures encourage the introduction of intelligent policies, which further promote the development of industrial intelligence.




4.4.2. The Improvement of Enterprise Environmental Governance


The “Construction in Progress” section of listed enterprises’ annual reports details the expenditures for new project construction, upgrades, and major repairs, especially the environmental project investments. Due to limited data availability of small and medium-sized enterprises, following Sun, Sun, Wang and Wang [18], information for investment on environmental projects is collected from listed enterprises’ annual reports. These investments at the enterprise level are first categorized as total environmental governance investment (lninv), source-based investment (lninvpre), and end-of-pipe investment (lninvend) and then aggregated at the city level to examine the mechanisms of corporate environmental governance. (Note that source-based governance projects include projects related to green industry, clean and renewable energy, low-carbon and efficient energy use, efficient water resource utilization, and comprehensive resource utilization. End-of-pipe governance projects cover projects related to waste gas treatment, wastewater treatment, desulfurization and denitrification, solid waste management, and ecological restoration. A sample of 1750 cities at or above the prefecture level is finally obtained.)



Panel B of Table 10 reports the results. The coefficients of treat × post in columns (1) and (2) are significantly positive at the 1% level, while the coefficient in column (3) is statistically insignificant, suggesting that after the pilot program, source-based investment increases by 54.5%, with no significant impact on end-of-pipe investment. This indicates that local government decarbonization pressures influence urban industrial intelligence primarily through source-based governance, rather than through end-of-pipe measures, because source-based governance primarily leverages intelligent technologies, whereas end-of-pipe governance mainly depends on traditional control measures.





4.5. The Moderating Effect of Fiscal Pressure


As mentioned in the Section 1, fiscal pressure may negatively moderate the promoting effect of local government decarbonization pressures on urban industrial intelligence. This hypothesis is empirically tested in the subsequent analysis. (Note that while fiscal and decarbonization pressures may influence each other, this study does not seek to establish their causal relationship. Instead, it examines the moderating role of fiscal pressure on the effect of local government decarbonization pressures on urban industrial intelligence. The potential endogeneity between these pressures is acknowledged and offers a direction for future research.)



Following Liao and Liu [28], fiscal pressure is measured with the fiscal gap, defined as the difference between general public budget expenditures and revenues, divided by general public budget revenues. A larger fiscal gap indicates a higher level of fiscal pressure. In Table 11, the fiscal gap is interacted with treat × post to measure the heterogeneous effect of fiscal pressure. The coefficient of treat × post × fiscal_gap is significantly negative at the 1% level. Specifically, with each unit increase in the fiscal gap, the positive impact of local government decarbonization pressures on urban industrial intelligence decreases by 1.89 units of industrial robot penetration, which is consistent with the hypothesis that the local fiscal pressure is a constraint to the promotion of urban industrial intelligence.





5. Heterogeneity Analysis with Causal Forest


To examine heterogeneity in treatment effects, the Causal Forest model is employed to estimate CATEs across subpopulations. Variable importance is determined by the frequency and effectiveness with which each covariate is used for splitting, particularly when appearing at higher tree levels and contributing to variance reduction in treatment effect estimates. Based on this criterion, “openness to foreign trade” and “labor costs” are identified as the most influential factors. Their selection is further supported by theoretical relevance: openness reflects regional integration into global markets, while labor costs affect enterprises’ incentives for automation and industrial upgrading. These two dimensions are therefore used in subsequent subgroup analysis. The relationship between them and CATE is shown in Figure 5.



The relationship between openness and CATE follows an “inverted U-shaped” curve. One possible reason is that, at lower levels of openness, international trade boosts economic growth and promotes the introduction of intelligent technologies. However, as China’s trade scale expands, intensifying competition in international markets, external technological barriers, and growing challenges of radical innovation constrain further development of intelligent technologies [29], restricting the sustained progress of industrial intelligence.



The relationship between urban labor costs and CATE is positive. This may be due to the rising labor costs accelerating the substitution effect of industrial intelligence for labor [30], effectively “forcing” enterprises to adopt intelligent technologies.




6. Economic Impact Assessment: The Decarbonization


Facing the pressure to reduce carbon emissions, local governments promote industrial intelligence to reduce carbon emissions. Therefore, it is interesting to examine whether the carbon emission is lower after the pilot. The logarithms of carbon dioxide emissions (lnco2) and carbon dioxide emissions per unit area (lnco2_area) are used as the dependent variables. Following Zhou et al. [31], Lin and Xu [32], and Wang et al. [33], variables depicting economic development, population size, industrialization level, wage level, openness, and energy intensity are controlled for.



In Table 12, the coefficient on UII is statistically significant and negative, indicating that industrial intelligence effectively lowers urban carbon intensity.




7. Conclusions


This paper studies how local government decarbonization pressures have affected urban industrial intelligence. Employing a staggered DID approach, it is found that local government decarbonization pressures significantly promote urban industrial intelligence by encouraging local governments to implement intelligent policies while compelling enterprises to adopt source-based environmental management practices, and fiscal pressure moderates the effect negatively. A Causal Forest model reveals an inverted U-shaped relationship between openness to foreign trade and CATE, while labor costs show a positive correlation with CATE. Additionally, it is also confirmed that urban industrial intelligence effectively contributes to decarbonization.



Our results have the following policy implications. First of all, the central government’s performance appraisal system should be enhanced by incorporating specific indicators—such as carbon emission intensity, the share of renewable energy, and the proportion of green buildings—and by linking evaluation outcomes to low-carbon development performance. Incentives such as targeted fiscal support, tax relief, and preferential financing should be provided to encourage local governments to adopt proactive emission reduction measures. For example, Hangzhou has introduced carbon-linked fiscal mechanisms to foster green innovation. Furthermore, local governments should align intelligent technology initiatives with national strategies—such as the dual carbon targets and industrial digitalization—through investment in industrial intelligence and urban innovation. Effective coordination between central and local authorities is essential to prevent fragmented governance and ensure coherent progress. Lastly, enterprises should develop and adopt intelligent source-based emission reduction technologies to optimize production processes, lower emissions, and accelerate intelligent transformation. For instance, real-time carbon monitoring systems, piloted in Jiangsu’s industrial parks, have effectively identified emission hotspots and guided targeted mitigation efforts. Nonetheless, insufficient coordination, limited technological capacity, or weak incentives may undermine these efforts, increasing the risk of policy failure and regional disparities. Thus, future policies should incorporate adaptive mechanisms to manage uncertainty and support a resilient low-carbon transition.



Despite its contributions, this study has the following limitation: the environmental governance data are limited to listed enterprises, which may not fully represent small and medium-sized enterprises (SMEs). Due to significant differences in governance structures, resource allocation, and environmental practices between listed enterprises and SMEs, the findings may not be broadly applicable. Furthermore, while the study emphasizes the benefits of industrial intelligence, it is important to also acknowledge potential downsides, such as technological displacement, employment precarity, and rising inequality. These challenges must be considered when designing policies that promote industrial intelligence. Future research could address the limitation by incorporating SME data to improve the representativeness and generalizability of the results, as well as exploring the trade-offs between industrial intelligence and its socio-economic impacts.



Although this study centers on China, its findings offer broader implications for local-level decarbonization. Unlike China’s centralized governance model, EU municipalities and U.S. local authorities operate within more decentralized, participatory frameworks. EU cities, for instance, participate in transnational initiatives like the Covenant of Mayors, promoting bottom-up commitments and peer benchmarking. In the U.S., cities such as New York and San Francisco have advanced ambitious climate agendas independently of federal mandates. In contrast, Chinese local governments respond primarily to central directives and performance-based incentives. The alignment of top-down pressure with technological upgrading—particularly through industrial intelligence—may inform innovation-driven climate governance in other institutional settings.
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Figure 1. Mechanism of local government decarbonization pressures affecting urban industrial intelligence. 
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Figure 2. Parallel trend test. Note: dots represent the estimated coefficients    δ τ    from Equation (7). The spikes denote the 95% confidence intervals. 
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Figure 3. City placebo test. 
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Figure 4. Balance test after matching. 
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Figure 5. Heterogeneity analysis results. 
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Table 1. Summary of variable definitions.
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Variable Type

	
Variable Name

	
Symbol

	
Definition and Description






	
Dependent variable

	
Economic development level

	
UII

	
Industrial robot penetration rate




	
Key variable of interest

	
Local government decarbonization pressures

	
Treat × post

	
LCCP policy variable




	
Control variables

	
Economic development level

	
lnpgdp

	
Logarithm of per capita GDP at constant 2007 prices




	
Population density

	
population

	
Total population at year-end × 10,000/administrative area




	
Labor costs

	
wage

	
Average employee wage




	
Human capital level

	
human

	
Population with a college diploma or higher/total resident population




	
Financial development level

	
finance

	
Ratio of year-end financial institution loan balance to GDP




	
Openness to foreign trade

	
open

	
Total import and export values/GDP




	
Industrial development level

	
industry

	
Industrial value/GDP




	
Scientific expenditure level

	
science

	
Government financial science expenditure/GDP











 





Table 2. Summary statistics.
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	Variable
	Obs
	Mean
	Std. Dev.
	Min
	Max





	UII
	3679
	14.7611
	18.9036
	0.2111
	88.8475



	Treat × post
	3679
	0.2634
	0.4405
	0.0000
	1.0000



	lnpgdp
	3679
	10.3370
	0.6984
	8.7994
	12.0348



	population
	3679
	426.1242
	300.3236
	18.5586
	1428.5699



	wage
	3679
	4.5913
	1.9511
	1.5599
	10.0593



	human
	3679
	1.6251
	1.9277
	0.0649
	9.7042



	finance
	3679
	0.9007
	0.5266
	0.2851
	3.0648



	open
	3679
	0.1865
	0.2995
	0.0017
	1.7268



	industry
	3679
	47.6071
	10.538
	19.7000
	73.4400



	science
	3679
	0.0023
	0.002
	0.0003
	0.0119










 





Table 3. Baseline results.
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	(1)
	(2)
	(3)



	
	UII
	UII
	UII



	Treat × post
	3.7968 ***
	3.0559 ***
	1.9643 ***



	
	(0.5660)
	(0.4329)
	(0.5277)



	Control variables
	NO
	YES
	YES



	City fixed effects
	YES
	NO
	YES



	Year fixed effects
	YES
	YES
	YES



	R-squared
	0.8407
	0.7588
	0.8597



	N
	3679
	3679
	3679







Robust standard errors are reported in parentheses. *** indicates statistical significance at the 1% level. City-fixed and year-fixed effects are controlled. The same notation applies to the following tables.













 





Table 4. Pretrend test and Average Treatment Effect.
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Pretrend Test. H0 All Pre-treatment are equal to 0




	
chi2(16)

	
=

	
21.4642

	




	
p-value

	
=

	
0.1613

	




	
Average Treatment Effect on Treated




	

	
Coef.

	
Std.Err.

	
z

	
P > |z|

	
[95%Conf.Interval]




	
ATT

	
1.812492

	
1.066647

	
1.70

	
0.089

	
−0.2780977

	
3.903083











 





Table 5. Temporal placebo test.
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	(1)
	(2)
	(3)
	(4)



	
	UII
	UII
	UII
	UII



	did_1
	1.9643
	
	
	



	
	(1.0744)
	
	
	



	did_2
	
	1.5662
	
	



	
	
	(1.1372)
	
	



	did_3
	
	
	1.2584
	



	
	
	
	(1.2824)
	



	did_4
	
	
	
	1.0771



	
	
	
	
	(1.6327)



	Control variables
	YES
	YES
	YES
	YES



	City fixed effects
	YES
	YES
	YES
	YES



	Year fixed effects
	YES
	YES
	YES
	YES



	R-squared
	0.8592
	0.8593
	0.8595
	0.8597



	N
	3679
	3679
	3679
	3679










 





Table 6. Balance test before matching.
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	Variable(s)
	Mean Control
	Mean Treated
	Diff.
	t
	Pr (T > t)





	lnpgdp
	10.233
	10.248
	0.014
	0.470
	0.638



	population
	413.131
	432.779
	19.648
	1.500
	0.134



	wage
	4.412
	3.528
	−0.884
	11.050
	0.0000 ***



	human
	1.242
	2.196
	0.954
	12.360
	0.0000 ***



	finance
	0.796
	0.977
	0.181
	8.530
	0.0000 ***



	open
	0.124
	0.293
	0.169
	14.290
	0.0000 ***



	industry
	47.784
	49.463
	1.679
	3.420
	0.0006 ***



	science
	0.002
	0.002
	0.001
	7.120
	0.0000 ***







*** indicates statistical significance at the 1% level.













 





Table 7. Balance test after matching.
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Variable

	
Unmatched

	
Mean

	
%bias

	
t-test

	
V(T)/V(C)




	
Matched

	
Treated

	
Control

	
t

	
p > |t|






	
wage

	
U

	
4.824

	
4.412

	
21.100

	
6.380

	
0.000

	
1.29 *




	
M

	
4.749

	
4.669

	
4.1

	
1.130

	
0.258

	
1.14 *




	
human

	
U

	
2.123

	
1.242

	
45.400

	
14.100

	
0.000

	
2.81 *




	
M

	
2.075

	
2.033

	
2.2

	
0.510

	
0.609

	
1.090




	
finance

	
U

	
1.037

	
0.796

	
45.900

	
14.160

	
0.000

	
2.14 *




	
M

	
1.012

	
0.976

	
6.9

	
1.700

	
0.089

	
1.11 *




	
open

	
U

	
0.268

	
0.124

	
47.500

	
14.850

	
0.000

	
3.80 *




	
M

	
0.225

	
0.230

	
−1.600

	
−0.430

	
0.665

	
0.910




	
industry

	
U

	
47.377

	
47.784

	
−3.900

	
−1.160

	
0.246

	
0.74 *




	
M

	
47.626

	
48.123

	
−4.800

	
−1.350

	
0.177

	
0.76 *




	
science

	
U

	
0.003

	
0.002

	
47.600

	
14.700

	
0.000

	
2.28 *




	
M

	
0.003

	
0.003

	
−2.200

	
−0.560

	
0.574

	
0.72*








* indicates statistical significance at the 10% level.













 





Table 8. PSM-DID robustness test.
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	(1)
	(2)
	(3)



	
	UII
	UII
	UII



	treat × post
	3.7968 ***
	1.9643 ***
	2.1734 ***



	
	(0.5660)
	(0.5277)
	(0.5339)



	Control variables
	No
	YES
	YES



	City fixed effects
	YES
	YES
	YES



	Year fixed effects
	YES
	YES
	YES



	R-squared
	0.8407
	0.8597
	0.8599



	N
	3679
	3679
	3622







*** indicates statistical significance at the 1% level.













 





Table 9. Robustness tests.






Table 9. Robustness tests.





	

	
Excluding the Interference of Related Policies

	
Replacing the Core Explanatory Variable






	

	
(1)

	
(2)

	
(3)




	

	
UII

	
UII

	
UII




	
treat × post

	
1.9664 ***

	
1.9507 ***

	




	

	
(0.5272)

	
(0.5261)

	




	
Pilot × implement

	
−0.7808

	

	




	

	
(0.7031)

	

	




	
quantity

	

	
0.1822

	




	

	

	
(0.2436)

	




	
pressure × post2013

	

	

	
2.3232 ***




	

	

	

	
(0.6869)




	
Control variables

	
YES

	
YES

	
YES




	
City fixed effects

	
YES

	
YES

	
YES




	
Year fixed effects

	
YES

	
YES

	
YES




	
R-squared

	
0.8598

	
0.8598

	
0.8597




	
N

	
3679

	
3679

	
3679








*** indicates statistical significance at the 1% level.













 





Table 10. Mechanism tests.
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Panel A. Intelligent Policies

	
Panel B. Enterprise Environmental Governance






	

	
(1)

	
(2)

	
(1)

	
(2)

	
(3)




	

	
promotion1

	
promotion2

	
lninv

	
lninvpre

	
lninvend




	
treat × post

	
0.4567 ***

	
0.0166 ***

	
0.4376 ***

	
0.5446 ***

	
−0.5400




	

	
(0.1243)

	
(0.0022)

	
(0.1239)

	
(0.3934)

	
(0.3911)




	
Control variables

	
YES

	
YES

	
YES

	
YES

	
YES




	
City fixed effects

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year fixed effects

	
YES

	
YES

	
YES

	
YES

	
YES




	
R-squared

	
0.4186

	
0.4115

	
0.3141

	
0.1716

	
0.1190




	
N

	
3679

	
3679

	
1750

	
1750

	
1750








*** indicates statistical significance at the 1% level.













 





Table 11. The moderating effect of fiscal pressure.
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	(1)
	(2)



	
	UII
	UII



	treat × post
	15.3987 ***
	4.7113 ***



	
	(1.1452)
	(0.6520)



	treat × post × fiscal_gap
	−1.4047 ***
	−1.8869 ***



	
	(0.3854)
	(0.2371)



	fiscal_gap
	−0.6454 ***
	−0.1587



	
	(0.1163)
	(0