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The degree of industrial agglomeration in China has contributed to the reduction of nitrogen dioxide pollution because of financial support, the allocation of environmental governance efficiency, and technological advantages. However, the intensity and scope of the spatial effect of this contribution needs to be studied in depth. Based on the influence mechanism and intermediate mechanism of the spatial pattern, this paper uses the panel data of 282 prefecture-level and above cities in China from 2015 to 2018, draws on the STIRPAT model, and uses the Spatial Panel Durbin and Panel Threshold models to investigate the effects of industrial agglomeration on nitrogen dioxide. The study finds that 1) industrial agglomeration has a significant spatial spillover effect on the reduction of nitrogen dioxide pollution, and the increase in the level of local industrial agglomeration can greatly reduce the concentration of nitrogen dioxide in the surrounding area. 2) This kind of spatial overflow has a threshold boundary. Within 100 km, it is a dense area of overflow and reaches the threshold boundary beyond 150 km. 3) Under the influence of the three intermediate mechanisms of industrial agglomeration, the increase in car ownership, and the level of economic development, the impact of industrial agglomeration on the reduction of nitrogen dioxide pollution has gradually increased. The above conclusion is still valid after various robustness tests.
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INTRODUCTION
In recent years, the contradiction between economic construction and environmental protection has become more and more intense (Zhao et al., 2021). Industrial activities in economic growth have brought great pollution to the atmosphere, such as automobile exhaust, coal and other fuel combustion gases, and a large number of industrial exhaust gases (Chen et al., 2021). In 2013, China launched a provincial-level climate change plan to ensure the effective implementation of the national climate change plan. The average concentration of air pollutants in major Chinese cities from 2004 to 2017 is shown in Figure 1. The data was obtained from the China City Statistical Yearbook. Since 2013, the concentrations of sulfur dioxide, PM10, and PM2.5 have all shown a downward trend, which proves that China’s implementation of energy-saving and emission-reduction policies has effectively alleviated part of the air environmental pressure, but the concentration of urban nitrogen dioxide has not decreased. After 2015, it also showed an upward trend. Although China’s methods and policies to control air pollutants, such as sulfur dioxide and PM2.5, have become increasingly mature, the concentration of nitrogen dioxide cannot be effectively controlled. Long-term living in an environment with high nitrogen dioxide concentration will also greatly affect human lung function and the respiratory system, severely irritating the upper respiratory tract, causing shock, shortness of breath, asthma, and other symptoms (Ding et al., 2017; Lu et al., 2020). Hossain et al. (2021) verifies that lower nitrogen dioxide concentration could offset the short-term health hazards of higher ozone. As the core element of the modern economy, industrial agglomeration plays an important role in reducing China’s nitrogen dioxide pollution by virtue of its high efficiency and clean characteristics. Investigating the spatial effect of industrial agglomeration on reducing the concentration of nitrogen dioxide and its spatial attenuation boundary and exploring the influence of some of the intermediate mechanisms have important theoretical and policy implications for China’s current nitrogen dioxide pollution.
[image: Figure 1]FIGURE 1 | The average concentration of major air pollutants in China’s key cities in 2004–2017. The data are from the China City Statistical Yearbook (https://www.yearbookchina.com).
At present, China is using its own economic development to drive global ecological and environmental governance work, strengthening cooperation and innovation in environmental pollution treatment technology among countries, striving to build a community of a human ecological environment, advocating the development of green and energy-saving industries (Xie et al., 2021). However, some researchers believe that, when analyzing the impact of economic growth on environmental pressure, the spatial effects of pollutants are ignored, leading to deviations in estimates (Zhang et al., 2014; Meng et al., 2016; Shi et al., 2016; Zeng et al., 2017). Dinda (2005) mentions that, if the spatial effects of pollutants are not considered when analyzing the air pollution emissions effect, it will reduce the accuracy of the analysis results. If the inter-provincial scale is too large, the internal problems are also quite different, and the spatial effect of air pollution is difficult to accurately determine. Xie et al. (2019) adds a spatial autoregressive model to analyze the relationship between China’s PM2.5 and economic growth, and the results show that the problem of haze pollution is more accurately analyzed on the time and space scale.
The Spatial Durbin Model (SDM) can effectively analyze and study the spatial pattern effect between development and the environment. Li and Li (2020) show that regional economic growth inhibits carbon emissions in neighboring provinces through indirect effects. Jiang et al. (2019) point out that there is a significant spatial autocorrelation between urban energy consumption and air pollution. The increase in the economic output of surrounding cities brings economic radiation and promotes urban economic output, which provides strong evidence for the necessity of joint prevention and control policies. Lv et al. (2019) examine the direct impact of urbanization on energy consumption, its overall impact, and its spatial spillover effects and formulate energy policies by considering nearby sectoral consumption and urbanization. However, spatial geography is not the only factor contributing to environmental effects. In fact, frequent economic activities can generate closer bilateral linkages, which not only have an impact on the location, but also have a radiating effect on the surrounding area. Therefore, spatial effects should include economic factors to accurately describe the globality and complexity of spatial effects.
When investigating the impact of financial agglomeration on the efficiency of green development by setting the inverse distance matrix with different distance thresholds, it is found that financial agglomeration has a geographical distance attenuation impact on the green development efficiency of surrounding areas (Yuan et al., 2019). Inspired by the research direction of this article, does industrial agglomeration have geographic distance restrictions on the reduction of nitrogen dioxide in neighboring areas? Hong et al. (2020) reveal the spatial pattern effect of industrial agglomeration and environmental pollution. Some scholars study the impact of industrial agglomeration on ecological efficiency and propose an inflection point effect (Chen et al., 2020). When the agglomeration level exceeds the inflection point, pollution reduction and pollution can be produced. Based on green development effects, none of the above studies discuss the threshold boundary of the spatial effects of industrial agglomeration on the environment.
At the same time, regarding the nonlinear relationship between industrial agglomeration and nitrogen dioxide concentration, considering that there may be some intermediate mechanism effects on the relationship, it has a certain impact on the relationship between the two (Hansen, 1999). Based on the analysis of the spatial model, this paper introduces the panel threshold model PTR. Based on this model, it can be used to analyze the threshold value of the intermediate mechanism and give specific policy recommendations more effectively. Three thresholds were proposed when analyzing the effectiveness of marine patents in reducing marine pollution (Shao, 2020). Song (2021) analyzes economic growth and carbon emissions and calculates the panel thresholds of various development indicators in the process of China’s transformation. In the early stage of industrial agglomeration, pollution emissions were increased, which was manifested as a crowding effect, but when it developed to a certain extent beyond the threshold value, it was mainly manifested as an aggregation effect. Therefore, we must fully understand the importance of accelerating industrial agglomeration and promote the rational allocation of factors and the intensive use of resources.
This article contributes to the literature from three aspects. First, this article provides a wealth of empirical evidence for how to use industrial agglomeration to reduce nitrogen dioxide in neighboring areas. Second, from a methodological point of view, the STIRPAT model is expanded spatially by using SDM, and by setting a matrix of multiple geographic distance thresholds, it examines the geographic distance limit of industrial agglomeration to reduce nitrogen dioxide pollution in adjacent areas. Third, this paper calculates and analyzes the threshold number and specific values of some intermediate mechanism indicators through the panel threshold model and more fine-grained use of how these specific numerical changes affect the relationship between industrial agglomeration and nitrogen dioxide pollution. This article supplements the specific relationship between China’s industrial development and the spatial pattern of nitrogen dioxide pollution and fills this gap.
RESEARCH METHODS
Nomenclature list: NO2, Nitrogen dioxide concentration; IA, Industrial agglomeration; A, Per capita GDP; P, Population; T, Technological level- Energy consumption per unit of GDP; EL, Economic development level-Total GDP; INV, Growth rate of vehicle ownership.
Model Selection
This paper uses the traditional IPAT model of stochastically extended STIRPAT as the basic theory and analysis framework (Dietz and Rosa 1997). This model is of great help to the study of the relationship between economic development and environmental pollution. Based on the original consideration of the effects of population factors, wealth, and technological level on urban nitrogen dioxide concentration changes, industrial agglomeration factors are added to observe the influence of industrial agglomeration on nitrogen dioxide concentration. The model expression is
[image: image]
Among all the representative subscripts, the subscripts i and t, respectively, represent the city and year; a is the model coefficient; I is the explained variable environmental pressure; IA is the core analysis variable of this article; P, A, T, respectively, represent the impact of population, wealth, and technological level on the environment influences. It is a random disturbance item.
Anselin (1988) believes that economic units do not exist alone, but are connected through various factors and have spatial influence with neighboring economic units, showing the characteristics of spatial overflow. The industrial agglomeration variables on which this article focuses have strong spatial externalities. Therefore, spatial effects must be introduced for observation when analyzing the relationship between industrial agglomeration and urban nitrogen dioxide concentration just as Yuan et al. (2019) verifies the relationship between financial agglomeration and green development efficiency. Li et al. (2021) introduces the spatial durbin that contains the spatial lag of both the dependent and independent variables when studying the impact of industrial agglomeration on smog. The model takes into account the spatial effects of explanatory variables and explains variables at the same time. Therefore, this paper is based on the STIRPAT model, adding the SDM to expand it and using the panel SDM to analyze the relationship between urban industrial agglomeration and urban nitrogen dioxide concentration in China. Wang et al. (2021) and Wu et al. (2022) use the same model integration method to analyze the impact of environmental pollution and green finance on the high-quality development of energy and the impact of industrial agglomeration on new urbanization. The model expression is
[image: image]
Among them, the subscripts i and j represent cities, and t represents the year; β1, β2, β3, β4, respectively, represent the regression coefficients of industrial agglomeration, population factors, wealth, and technological level; the total number of cities analyzed in this paper is 282, and W is a spatial weight matrix of order 282X282; [image: image] is the spatial lag regression coefficient, which can reflect the degree of influence between the units in each area; a is a constant and [image: image] is the time-fixed effect. The specific variable selection and calculation are introduced below.
Observing Figure 2 shows that there is no obvious linear relationship between the concentration of nitrogen dioxide and the degree of industrial agglomeration, but when the degree of industrial agglomeration is greater than the range of 0.9, the scatter diagram of the concentration of nitrogen dioxide and the degree of industrial agglomeration becomes no longer discrete. Nitrogen concentration generally rises, and there is an obvious gathering phenomenon. The conjecture may be because some cities with high industrial agglomeration have some other intermediate mechanism indicators, and there are different degrees of constraints on the concentration of nitrogen dioxide. Therefore, this paper adopts the panel threshold model (PTR) proposed by Hansen (1999) to investigate industrially the characteristics of the threshold effect of agglomeration on the concentration of nitrogen dioxide in the city; this model is very helpful for analyzing and improving the influence of the intermediate mechanism on the investigated variables. The panel threshold model is as follows:
[image: image]
Among them, [image: image] is the threshold variable; [image: image] is the estimated threshold value, different threshold variables have different numbers of threshold values in the model, and [image: image]; l(g) is the indicator function; and the remaining parameters are the same as above.
[image: Figure 2]FIGURE 2 | Scatter diagram of nitrogen dioxide concentration and industrial agglomeration.
Variable Selection and Data Sources
Explained variable: Nitrogen dioxide concentration (I): The nitrogen dioxide concentration data for 282 cities from 2015 to 2018 were obtained from historical data from China Environmental Monitoring Center (CNEMC). Since CNEMC’s historical data is recorded by the daily nitrogen dioxide concentration of each city, we downloaded the data and calculated the annual average nitrogen dioxide concentration of each city in the excel software.
Explanatory variable: Industrial agglomeration (IA): There are many methods to capture the degree of agglomeration of indicators. The space Gini coefficient and Ellison–Glaeser index are often used to capture the industry cluster of various industries in a region (Sueyoshi et al., 2021). In this paper, the location entropy model is used to calculate the degree of industrial agglomeration. It can more effectively analyze the degree of agglomeration of an indicator in different regions. Many studies also choose this method to calculate the degree of industrial agglomeration (Zeng and Zhao, 2009; Zheng and Lin, 2018; Li et al., 2020). The specific calculation method is
[image: image]
Among them, [image: image] is the industrial output value of city i in year t, and [image: image] is the total output value of city i at the end of the year. The location entropy model can better eliminate the endogenous impact caused by regional-scale differences. At the same time, it does not use the ratio of industrial employment to total employment to avoid the problem of different industrial labor demands caused by different levels of development in different regions.
Threshold variables (an intermediate mechanism): This article has a total of three threshold variables ([image: image]) for verification, namely, industrial agglomeration (IA) itself; economic development level (EL), calculated using the city’s GDP; and the increase in car ownership (INV), using the annual increase in the number of vehicles in the city compared with the previous year (VN).
Control variables: The three inherent variables in the IPAT model select the total population of the city at the end of the year to represent the population factor (P); use per capita GDP to measure the degree of wealth (A); and use the ratio of the city’s total annual electricity consumption to the annual regional GDP, that is, energy consumption per unit of GDP to measure the level of science and technology (T).
Spatial weight matrix: This paper uses latitude and longitude to calculate the reciprocal of the centroid distance between two cities to characterize the spatial dependence between cities. Compared with the adjacent space weight matrix, the explanatory power of the inverse distance space weight matrix does not decrease as the sample size increases. The spatial weight matrix is a matrix that reflects the interdependence of indicators in space, and is used in research in different fields (Hui et al., 2007; Pasaribu et al., 2021).
The calculation formula is
[image: image]
where [image: image] is the geographic distance between city i and city j calculated according to the city’s latitude and longitude, and the reciprocal processing is performed to measure the spatial interaction between cities.
The research sample is the balanced panel data of 282 cities at the level of China and above from 2015 to 2018. Except for the nitrogen dioxide concentration data from CNEMC, the rest of the data are from the China City Statistical Yearbook, and individual missing data are filled by interpolation. To reduce heteroscedasticity, this paper also reciprocates some data. Table 1 shows descriptive statistics.
TABLE 1 | Descriptive statistical results of each variable.
[image: Table 1]EMPIRICAL ANALYSIS
Preliminary Statistical Observation
Table 1 shows that there are great regional differences in China’s per capita GDP with the maximum and minimum values being 215,488 and 10,987, respectively. The city with the highest concentration of nitrogen dioxide is more than six times higher than the city with the lowest. The energy consumption per unit of GDP of different cities in China is uneven. The average growth rate of car ownership in each city reached 17%. Figure 3 depicts the spatial distribution of nitrogen dioxide concentration and changes in industrial agglomeration in the surveyed cities in 2015 and 2018. The results show that the concentration of nitrogen dioxide did not decrease significantly from 2015 to 2018. The concentration of nitrogen dioxide in the central and eastern cities is higher than that in other regions, showing an obvious spatial agglomeration pattern. Some cities located in the Beijing–Tianjin–Hebei region, the border of Shaanxi and Mongolia, and the middle and lower reaches of the Yangtze River are more polluted by nitrogen dioxide. This is closely related to the large number of heavy industrial cities in this region, such as Yan’an, Cangzhou, and Tangshan. Some scholars also show that the aggregation of elements in the urban agglomeration in the Beijing–Tianjin–Hebei region have an impact on the regional environment, but these influencing factors include population, industry, investment, and other aspects (Liu et al., 2019). However, some areas have low nitrogen dioxide pollution but high income levels, such as some southern coastal cities, such as Fuzhou and Putian, and some cities in Inner Mongolia, such as Wuhai and Ordos. Therefore, it can be inferred that industrial agglomeration is not a single indicator of changes in nitrogen dioxide concentration. Factors such as development patterns and car ownership have mixed and complex effects. From the perspective of spatial distribution, the level of industrial agglomeration in Chinese cities has not changed significantly in the 4-year cycle. However, the Beijing–Tianjin wing, the border of Mongolia and Shaanxi, Jiangsu and Zhejiang have obvious industrial agglomeration, and the two regions in 2018 compared with 2015, in the area of more than 60 μg m−³, has indeed decreased in nitrogen concentration, which is consistent with the conjecture that industrial agglomeration can speed up the management of nitrogen dioxide concentration. The spatial pattern of industrial agglomeration and nitrogen dioxide pollution is obviously similar, and the concentration of nitrogen dioxide in nonindustrial agglomeration areas is generally low. It is judged that there may be a spatial connection between industrial agglomeration and nitrogen dioxide pollution.
[image: Figure 3]FIGURE 3 | Spatial distribution of industrial agglomeration level and nitrogen dioxide concentration in Chinese cities in 2015 and 2018.
Spatial Spillover of Nitrogen Dioxide Pollution by Industrial Agglomeration
According to theoretical analysis and preliminary judgments on the spatial pattern of data, there is a significant spatial dependence between industrial agglomeration and nitrogen dioxide pollution, and this spatial dependence has a certain relationship with regional concentration and changes with distance. Therefore, this paper uses the spatial panel durbin model to test the hypothesis. Before the spatial measurement analysis, the model needs to be tested with the traditional panel model, and the correctness of the spatial panel durbin model is determined through the LM and LR tests. Table 2 shows the test results of the panel model. Through LM and LM (Robust) tests, it is found that the spatial error model (SEM) can test the spatial spillover effect of industrial agglomeration on nitrogen dioxide pollution. On the other hand, the spatial lag model (SAR) does not reject the null hypothesis. When studying SO2 and soot particle samples in China, Poon et al. (2006) point out that there are significant spatial effects for the SEM and SAR models. In view of this, this article further uses the LR test screening model. The results show that the LR test rejects the hypothesis that the SDM can be reduced to spatial lag and spatial error models, indicating that, if the spatial lag or spatial error model is used solely to investigate the industry, there may be errors in the spatial overflow of agglomeration. To sum up, this paper chooses the spatial panel durbin model under the time fixed effect to analyze the spatial spillover effect and attenuation boundary of industrial agglomeration and nitrogen dioxide pollution.
TABLE 2 | Spatial panel model test results.
[image: Table 2]The analysis results in the third column of Table 3 show that the direct effect of industrial agglomeration has an impact coefficient of 0.154 on the concentration of nitrogen dioxide, which has passed the 1% significance test; that is, the increase in the level of industrial agglomeration in the region increases local nitrogen dioxide pollution. The industrial agglomeration coefficient under the indirect effect is −0.723, which also passes the 1% significance test; that is, the increase in the level of industrial agglomeration in this region helps reduce the concentration of nitrogen dioxide in neighboring areas. By comparing the regression data, it can be seen that the inter-regional spillover of nitrogen dioxide concentration by industrial agglomeration is significantly stronger than the intra-regional impact, which shows that industrial agglomeration does have spatial spillovers on nitrogen dioxide concentration, which provides data for the proposed hypothesis. Xu et al. (2020) show that air pollution in urban agglomerations is caused by both human and natural factors, and air pollution in various regions also has obvious spatial correlation and spillover effects. The fourth, fifth, and sixth columns in the table are explained below.
TABLE 3 | Estimation results of spatial durbin model.
[image: Table 3]The situation that industrial agglomeration has a spatial spillover effect can be explained as the development process of each city is different, and the main industries on which it relies are also different. Different levels of science and technology also see obvious differences in productivity and environmental governance capabilities. However, due to objective reasons, such as productivity, natural resource conditions, and the dominance of industrial development, each city has caused uneven levels of industrial agglomeration. The environmental pollution brought about by industrial development is inevitable. Many cities with small industrial scales have a large gap in their ability to control environmental pollution compared with core industrial areas. This has resulted in much higher pollution caused by industrial development in small cities. The core areas of China’s industrial development are mostly combined areas of cities with rapid development, such as the Beijing–Tianjin wing and the Jiangsu, Zhejiang, and Shanghai areas. These cities have strong pollution control capabilities and have realized the development model of industrial agglomeration, merger, and unified pollution control. In this way, the cost of governance per unit of industrial energy consumption is further reduced, and the efficiency is further improved. Therefore, the development model of industrial agglomeration has become a policy requirement before the problem of environmental pressure. The core area of industrial agglomeration has a more complete production, governance model chain, wider service range, and more sophisticated technology. These advantages will continue to absorb the surrounding industrial resources, help the surrounding areas save higher unit costs of environmental governance and gradually transform into a regional industrial center or even a national industrial center. The industrial center will then serve the surrounding area through the diffusion effect, thereby generating spatial overflow and helping the adjacent area reduce nitrogen dioxide and other pollutants.
The Spatial Attenuation Boundary of Industrial Agglomeration to Reduce Nitrogen Dioxide Pollution
The first part confirms that industrial agglomeration has a spatial spillover effect on reducing nitrogen dioxide pollution. This study further uses the established SDM to investigate the spatial attenuation boundary of this industrial agglomeration to reduce nitrogen dioxide pollution. In general, the spatial correlation gradually decreases with the increase of the regional distance until there is no correlation, so the second part will try to confirm this conjecture and find the distance boundary of this spatial overflow. Refer to the document processing method of Yuan et al. (2019), artificially set the distance threshold from low to high, assuming that the distance between city i and city j is higher than this set threshold, then it is; otherwise, it is 0. The calculation method is
[image: image]
The function of the threshold is to verify whether the spatial correlation coefficient gradually decays when the distance between the spatial units participating in the spatial regression gradually expands. In Table 3, the W1 matrix is the initial matrix without a distance threshold, the threshold of the W2 matrix is set to 50 km, the threshold of the W3 matrix is set to 100 km, and the threshold of W4 is 150 km. Perform multiple regressions through the established model to record the direct and indirect effect coefficients of the industrial agglomeration level on reducing the concentration of nitrogen dioxide.
The regression results in Table 3 show that the spatial spillover coefficient is significant within 100 km and basically passes the 1% significance level test. After more than 100–150 km, the spatial spillover coefficient is no longer significant, which confirms that the industrial agglomeration has a twofold reduction. The spatial spillover of nitrogen oxide concentration conforms to the law of geographic attenuation. Specifically, the spatial spillover coefficient of industrial agglomeration can be divided into two intervals:
1) When the distance threshold is within 100 km, the industrial agglomeration has significant help in reducing the concentration of nitrogen dioxide in the adjacent area, and the coefficients are −0.723, −0.641, and −0.576. The spillover effect is stronger than the local influence, and the closer the distance, the higher the degree of help.
2) If the distance threshold is 150 km away, this kind of help is no longer significant. Starting from the analysis method, due to the substantial reduction of the spatial units in the weighted space matrix, the spatial spillover coefficient exhibits extremely strong random volatility and cannot pass the significance test, which means that industrial agglomeration can help reduce the concentration of nitrogen dioxide at 150. The boundary has been reached beyond the kilometer threshold. Judging from China’s current development model, China is still in the developing stage. Many Tier 3, 4, and 5 cities have entered industrial development within a short period of time and have not formed a relatively merged development model with neighboring industrial clusters. The development and governance environment is better. Much depends on the new cities themselves, and the level of industrial agglomeration in China is still in a relatively discrete stage.
It can also be seen from Figure 3 that most of China’s provinces usually only have one to two cities with high agglomeration levels, which further explains that around 150 km is the distance threshold attenuation boundary for spatial spillover correlation. Yuan et al. (2019) point out that financial agglomeration has obvious spatial spillover effect on green development efficiency, the threshold boundary is around 300 km, and this spatial spillover shows obvious spatial attenuation characteristics, similar to the results of this study. At present, there are no other national industrial agglomeration centers in China except Beijing, Tianjin, and Hebei; the junction of Inner Mongolia and Shaanxi; and Jiangsu, Zhejiang, and Shanghai, whereas there are more regional industrial agglomeration centers in the province, so the theme is short-distance travel to provincial capital cities and provinces. The overflow of the second industrial agglomeration center helps reduce nitrogen dioxide pollution in neighboring, relatively backward cities.
Analysis of the Intermediate Mechanism of Industrial Agglomeration on Reducing the Nonlinear Impact of Nitrogen Dioxide Pollution
After analyzing the relationship between industrial agglomeration and nitrogen dioxide pollution, this article considers introducing a panel threshold model to test the industrial agglomeration under the constraints of the three threshold variables of industrial agglomeration, economic development level, and increase in urban car ownership. The heterogeneous impact of nitrogen oxide pollution verifies the important reason for the nonlinear relationship between the level of industrial agglomeration and the concentration of nitrogen dioxide. First, determine the threshold number of each threshold variable through the threshold effect test and then calculate and analyze the threshold values of the three intermediate mechanisms. Observing Table 4, we can see that the impact of industrial agglomeration on the concentration of nitrogen dioxide is restricted by the level of industrial agglomeration, the level of economic development, and the increase in the number of urban vehicles. The level of industrial agglomeration shows a single threshold with a threshold value of 1.1667, whereas the level of economic development is less than the growth rate of urban car ownership represented by double thresholds. Figures 4A,B are the double-threshold confidence interval test of the economic development level and the growth rate of car ownership. The threshold values of the economic development level are 2512167 and 18773402, respectively. The threshold values are 0.0875 and 0.1256, respectively.
TABLE 4 | Threshold effect test.
[image: Table 4][image: Figure 4]FIGURE 4 | Double-threshold confidence interval test for the level of economic development and the increase in car ownership. (A,B) are the doublethreshold confidence interval tests for the level of economic development and the increase in car ownership, respectively. The threshold values of (A) are 2512167 and 18773402, and the (B) are 0.0875 and 0.1256, respectively.
After recording the threshold number and value of each intermediate mechanism, this paper further bases the test results of each threshold on the impact of industrial agglomeration levels on nitrogen dioxide pollution under these three intermediate mechanisms (Table 5).
1) The threshold effect of China’s overall industrial agglomeration level: When the industrial agglomeration level is on the left side of the threshold value of 1.1667, the influence coefficient of industrial agglomeration on the nitrogen dioxide concentration is 0.2039, which is significant at the 5% confidence level, and when the industrial agglomeration level crosses this threshold, the industrial agglomeration has a second the positive effect of nitrogen oxide concentration dropped to 0.1481, which was significant at the 5% confidence level. As of the end of 2018, only 62 of the 282 cities surveyed had crossed this threshold, indicating that China’s overall industrial agglomeration level is still in a relatively discrete state, most of which are high-level regional industrial agglomeration cities in the province.
2) The threshold effect of the increase in car ownership in Chinese cities: The life of the city cannot be separated from the help of cars, and the nitrogen dioxide produced by car exhaust also has a great impact on the environment. The steel manufacturing process in the production of cars also produces a large amount of nitrogen dioxide. When the increase in car ownership is less than 8.75%, the impact of industrial agglomeration on the concentration of nitrogen dioxide is 0.0653, which is significant at the 5% confidence level; when the increase is between 8.75% and 12.56%, the positive impact increases to 0.1092, which is significant at the 5% confidence level. When the increase crosses the 12.56% threshold, the positive impact reaches the highest, which is 0.1463 and is significant at the 5% confidence level. As of 2018, 101 of the cities surveyed were below the 8.75% threshold, accounting for 35.8%. This provides a good idea for cities to reduce nitrogen dioxide pollution. From the second threshold to increase threshold to the first threshold, the concentration coefficient of nitrogen dioxide pollution has been reduced by more than 50%.
3) The threshold effect of economic development level: The level of economic development also has two thresholds. When the level of economic development is lower than 2512167, the impact of industrial agglomeration on the concentration of nitrogen dioxide is 0.3191; when the level of economic development is between 2512167 and 18773402, the impact of industrial agglomeration on the concentration of nitrogen dioxide when the level of economic development is greater than 18773402, the impact of industrial agglomeration on the concentration of nitrogen dioxide is minimized to 0.0305, and the three sets of data are significant at the 5% confidence level. As of 2018, 53.2% of cities have not exceeded the second-tier threshold. When the level of economic development is higher, industrial capital and resources favors these high-efficiency, high-tech core development areas, and the efficiency of reducing environmental pollution also increases, and as the level of economic development increases, the overall environmental awareness of the city increases. Stronger, people’s living and consumption habits will be more environmentally friendly, thereby reducing nitrogen dioxide and other pollution.
TABLE 5 | Benchmark threshold regression.
[image: Table 5]CONCLUSION
Industrial agglomeration on nitrogen dioxide pollution has obvious spatial spillover effects, and this spatial spillover exhibits obvious spatial attenuation characteristics. Specifically, within 100 km is a dense area of spatial spillover, and there is no more spatial spillover accidentally within 150 km. Moreover, the inter-regional spillover of nitrogen dioxide pollution by industrial agglomeration is obviously stronger than the intra-regional spillover; that is, the indirect effect is stronger than the direct effect. However, due to spatial distance and regional boundary constraints, the spatial spillover of nitrogen dioxide pollution by industrial agglomeration shows obvious spatial attenuation characteristics. Under the adjustment of the two mechanisms of industrial agglomeration and economic development level, the impact of industrial agglomeration on reducing nitrogen dioxide pollution shows a gradual increase. In the process of intervention in the increased mechanism of car ownership, the industrial agglomeration has the promotion of nitrogen dioxide pollution as a process of gradual increase. When the increase in car ownership is less than 8.75%, the impact of industrial agglomeration on the concentration of nitrogen dioxide is 0.0653; when the increase is between 8.7%5 and 12.56%, the positive impact increases to 0.1092; and when the increase exceeds 12.56%, one threshold, the positive impact reached the highest at 0.1463. As of 2018, only 35.8% of the cities surveyed were below this indicator.
Based on the above two conclusions, the following policy recommendations are put forward. The research results verify that, in most regions of China, the level of industrial agglomeration is very discrete. Emerging cities should form a relatively merged development model with neighboring industrial clusters, outsourcing their relatively backward development links to industrial areas in developed cities, and make full use of the high-level environmental governance capabilities of developed industrial areas to reduce dioxide in neighboring areas. The characteristic of nitrogen pollution reduces the overall unit cost of environmental governance. On a larger scale, cities in northwestern China should gradually move more industrial links to the border area between Shaanxi and Mongolia. Cities in the northeast need to relocate more factories to the core industrial area of the Beijing–Tianjin wing, and in the south, the industrial development of the city should also be transferred to Jiangsu, Zhejiang, and Shanghai regions as soon as possible. This can further optimize the characteristics of the current level of industrial agglomeration in China, from a high level of industrial agglomeration in multiple cities to three national industrial agglomeration areas, so that the unit cost of China’s overall treatment of nitrogen dioxide will be further reduced.
From the conclusion of the intermediate mechanism, it is known that not only the increase in the level of industrial agglomeration can improve the ability to control nitrogen dioxide pollution, but the indicator of economic development is also very important. It represents the development intensity of a city itself, and the level of science and technology will develop with development. The higher the level, the higher. Therefore, in the professional process of industrial development, some developed cities should also simultaneously transfer some of their scientific nitrogen dioxide management technologies to industrial clusters to reduce the cost of governance in industrial core areas. As automobiles are a common source of nitrogen dioxide pollution in life, China should speed up the policy of transforming gasoline vehicles into electric vehicles at this stage. This will not only achieve China’s carbon peak goal earlier but also reduce nitrogen dioxide pollution.
Synthesizing all conclusions, it is predicted that the method of controlling nitrogen dioxide pollution in the future will further improve the agglomeration level of industrial agglomeration areas. The threshold value of industrial agglomeration level may further increase in the future, from 1.1667 to about 1.3, increasing the influence ability and scope of strong industrial agglomeration areas to reduce nitrogen dioxide pollution in surrounding areas. Cities with lower levels of economic development can also save a lot of immature environmental governance costs. At the same time, the annual growth rate of fuel vehicles in more cities will be controlled below 8.75%.
Of course, this research still has many issues worthy of in-depth discussion, such as that some of the neighboring cities examined in this article are too far apart. If these research samples are deleted, will the boundary of geographic attenuation increase? Residents in China use natural gas for heating in winter, and the combustion of natural gas will produce a large number of nitrogen oxides. If this intermediate mechanism index is added, the winter heating months in the sample year data are separately extracted for analysis. Will the impact of industrial agglomeration on nitrogen dioxide pollution be changed? I will conduct in-depth research on the above issues in the later stage.
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