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Abstract

:

Accident prevention is an important prerequisite for achieving sustainable development, and effective crisis learning is a necessary path to it. This article focuses on whether local governments in non-accident areas learn from crises in accident areas, that is “learn from the mistakes of neighbors” and “grow in wisdom.” Using panel data from 2006–2017 for 30 provinces in China, our empirical test discovered that there is not a one-to-one relationship between “learning from neighbors” and “growing in wisdom”; it is a U-shaped relationship between the frequency of major accidents and the crisis learning effect of local government. When the occurrence frequency of major accidents is low, the regulatory effect caused by major accidents leads to the effective crisis learning of local governments. However, when major accidents occur frequently and reach a certain threshold, the crisis learning effect will deteriorate due to an excessive deterrent effect. In this non-linear relationship, the impact of political pressure occurs on two fronts, a gentle U-shaped curve and a shift in the inflection point to the left, implying that political pressure plays a dual role in the crisis learning process of local government. Accordingly, local governments should fully seize the window of time to initiate crisis learning with regulatory effects and delegate political authority to supervise local crisis learning with reasonable compliance.
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1. Introduction


Reducing workplace accidents is crucial for overall sustainability, especially major accidents that are not conducive to a safe and healthy working environment, and they can stymie local governments’ sustainable development [1]. For example, accidents can have a negative impact on environmental sustainability, such as spills and pollution accidents causing significant damage to the natural environment [2,3], and lead to energy sustainability and security issues [4]. The important relationship between accident prevention and sustainable development can also be seen in the 2030 Sustainable Development Goals (SDGs); Sub-Target 3.9, for example, aims to “…significantly reduce the number of deaths and illnesses caused by hazardous chemicals, air, water, and soil pollution and contamination” by 2030, and Target 8.8 aims to “…protect labor rights and promote safe and secure working environments” by 2030 [5,6]. Despite the international commitment to occupational safety and health, work-related accidents and diseases are still too prevalent. Therefore, all countries and local governments focus on reducing major safety accidents [7,8,9]. In the case of China, on the one hand, work safety accidents have been effectively curtailed [10], with a 58.6% decline in the number of work safety accidents and an 86.6% fall in the number of deaths nationally in 2020 compared to 2015. On the other hand, the likelihood of major accidents fluctuating and rebounding in particular locations and sectors continues to climb [11], and the “same quality and homogeneity” of accidents is evident, with comparable accidents, lessons, and mistakes recurring as frequently as in the country, such as The Jilin Petrochemical Double Benzene Plant Explosion and The Songhua River Water Pollution Accident in 2005 as well as The Shanxi Changzhi Benzene Leakage and The Turbid Zhang River Water Pollution Accident in 2012.



Crisis learning is seen as an important tool to curb the occurrence of major accidents [12,13,14]. While accidents bring unavoidable loss of life and property, they may also trigger crisis learning processes of local governments, making the occurrence of major accidents a catalyst for governmental change, social transformation, and guiding change towards desired goals [15,16], such as the Sustainable Development Goals (SDGs), disaster risk reduction, and increasing resilience [17]. The essence of crisis learning is that local governments learn from lessons and experiences through comprehensive investigations of safety incidents. Each crisis is followed by reflection and lessons learned, which should be based on recognizing the heterogeneous characteristics of various crises and the distillation of commonalities for crisis prevention and response. Some research has focused on how local governments learn from major accidents in their jurisdictions, that is, local government of crisis learning at the vertical level [18,19], but less attention has been paid to the crisis learning process from major accidents in non-jurisdictions, i.e., crisis learning by horizontal comparison among local governments [20].



Thus, this study addresses two specific questions: (i) Can there be a spatial spillover effect on the crisis learning of local governments in major accidents? I.e., can local governments of non-accident areas conduct effective crisis learning to avoid similar accidents in the region? (ii) What factors influence the spatial spillover effect on the crisis learning of local governments from major accidents? To respond to our research questions, we tested the model presented in Figure 1 and examined our model on panel data from 2006–2017 for 30 provinces in China. Therefore, this article aims to remedy the spatial spillover effect, which has been relatively neglected in previous crisis learning research, and to discuss the crisis learning relationship among local governments in the context of major accidents.



This article adds several contributions to the literature: First, it clarifies local crisis learning effects and mechanisms from a spatial perspective, which not only complements the public-sector observation perspective for developing organizational learning theory but also provides a new growth point for cross-sectional research of emergencies. Second, it empirically examines the crisis learning effects of local governments in major accidents with objective quantitative data, complementing and improving the quantitative evidence of crisis learning research. Third, this study seeks to provide evidence that extends the literature on multi-level organizational learning, moving from learning within public organizations to learning among public organizations.



The rest of the paper comprises five sections: Section 2 reviews relevant research on the crisis learning of local governments. Section 3 illuminates the theoretical background and research hypotheses based on existing research. Section 4 describes the sample data, variable definitions, and identification strategies associated with the research design. Section 5 presents the empirical results as well as robustness tests. Section 6 provides conclusions, limitations, and prospects for future research.




2. Literature Review


A government that is unable to reflect on and adjust after a crisis is not learning well [21]. Crisis learning is the expansion and enhancement of organizational learning theory in modern crisis management research. Crisis learning refers to an organization learning from one or more crisis events and changing its organizational structure or corresponding policy evolution to cope with future disasters and crises [22,23,24,25]. After a crisis, organizations will go through a defensive phase, an open learning phase, and an amnesic phase [26]. As we enter the new global crisis era, with the frequent outbreaks of major emergent crisis events worldwide, especially those represented by COVID-19, and the challenges to public values, the theory and practice of how to conduct crisis learning in the public sector have been deepening and expanding, and crisis learning has once again become the focus of discussion in the field of emergency management and public management [27].



Existing crisis learning research can be summarized in three basic areas: The first is research that examines the relationship between crisis and learning. Learning is the act of acquiring experience and knowledge through reading, observation, and practice to promote continuous changes in individual skills, methods, emotions, and values. Moreover, crises create important external conditions and learning environments for learning; Smith and Elliott (2007) earlier proposed three types of relationships: learning for crisis, learning as crisis, and learning from crisis [28]. The first type of relationship emphasizes the ability to react rather than prevent when a crisis strikes; the second type of relationship, which has attracted less academic attention and discussion, emphasizes that the learning outcomes present significant challenges to the organization’s core philosophy and the vision of senior managers, which can easily lead to secondary crises within the organization; the third type of relationship is one of the most interesting perspectives in crisis learning: organizations learn from their crisis incidents, shape them into specific prevention norms, and enhance organizational resilience [29].



The second area is represented by a focus on process research for crisis learning. Such research expects to shed light on how effective crisis learning processes are constructed through a systematic microscopic description in public organizations [30]. Different scholars have divided the whole process of crisis learning into different stages, including three stages [31], four stages [32], six stages [33], and so on. Basically, it can be summarized as starting from three types of perspectives. One is the cognitive-behavioral perspective, which emphasizes the process of crisis learning from experiential cognition to behavioral transformation, the core of which lies in the formation of experiential cognition from the accident to further change the organization’s mode of thinking and optimize the cognitive structure within the organization [34]. The second is the perspective based on social interaction, where crisis learning is a process from individual reflection to collective reflection [35] and is carried out in interactions between individuals, organizations, and the environment [36,37]. The third is the perspective of information processing or knowledge management, also the most common and accepted perspective of crisis learning process; scholars believe that the cognitive ability of an organization is expressed in its acquisition, application, and development of knowledge, and crisis learning is an effective way to enhance the cognitive ability of an organization [38]. Emphasis is on learning from information systems events, including learning from past experiences, learning lessons for future events (reflective learning model), and the increasingly noted learning through engagement with current events (embedded learning model) [39].



The third area of crisis learning research explores the influencing factors. Learning from disasters is not always a straightforward process [40]. It focuses on the influence of two main perspectives on crisis learning: cultural and structural. The cultural factor is built on the organizational community, whose common attitudes, informal procedures, and rules are essential for crisis learning, leading to organizational culture change [41,42]. In contrast to the cultural perspective, the structural perspective places more emphasis on exploring the role of the organizational structure and function in crisis learning [43], discusses mostly the impact of factors such as formal organizational standards, system control, and power distribution [44], and argues that the cultural perspective underestimates the important role of formal procedures, for example, in facilitating the learning process. Of course, these factors can not only drive the crisis learning process but also hinder it [45,46].



Research in crisis learning is emerging [47,48,49,50], and relevant prior research has provided an important foundation for this study. Still, there is room for further expansion as follows: First, from a methodological perspective, most of the existing crisis learning research is based on discursive induction and case-based deduction [51,52], with case descriptions, textual analysis, and empirical summaries, thus lacking a concrete understanding of positivism. Second, the research perspective gradually extends from intra-organizational to inter-organizational learning [53,54]. Sustainable development is a long-term goal for the survival of organizations, which requires that they can learn effectively from the experiences of other organizations in crises, forming a virtuous learning path for similar crises. However, the focus and depth of the relevant research need to be improved. Existing research has focused on learning from crises within the organization [55,56], although some scholars have begun to call for a shift to inter-organizational crisis learning [57] and have emphasized the importance of “learning from the experience of the accident” instead of “learning from the accident of a single organization” [58]. Thirdly, crisis learning is essentially the process of acquiring, transferring, and assimilating crisis knowledge with knowledge demand attributes, and the diffusion and spillover of knowledge, especially crisis knowledge [59], are its important characteristics.



To this end, this study focuses on the crisis learning effect of local governments from major accidents. It uses quantitative data to explore the crisis learning effect and spatial spillover of local government based on practical work on safety production accidents in China, and further elucidates the relationship between the two in terms of post-disaster political factors, to provide a reference for crisis learning research.




3. Theoretical Background and Research Hypothesis


3.1. Theoretical Background


When a major accident occurs in China, the government will conduct crisis learning based on three processes: Firstly, there is a stage of accident inquiry, accountability, and release. The government conducts a graded and classified accident investigation into the unexpected accident. It sets up an investigation team to identify the accident, its causes, casualties, and direct economic losses. It then determines the nature and responsibility of the accident, holds the relevant units and responsible personnel accountable, and puts forward proposals to strengthen and improve the work to form the accident investigation report for release. Secondly, government and enterprise will initiate a self-correction, special supervision, major inspection, and rectification phase. An accident investigation report is released at the same time. Major accidents especially will trigger local functional departments and industries to carry out self-examination and self-correction. If specific areas of accident problems and hidden dangers are prominent, it may be appropriate to start special rectification or even to carry out nationwide major rectification and inspection. Finally, such campaign-style inspection transforms afterwards into regular text production, policy improvements, and even legislative changes. The main focus is on rectifying and adapting inappropriate policies based on what was learned from major accidents, leading to a new round of policy text production and, in very few cases, direct or indirect legislative change.




3.2. Research Hypothesis


3.2.1. Major Accidents and the Crisis Learning Effects of Local Governments


The occurrence of major accidents, while causing considerable losses of life and property safety, also creates a crisis learning field. The main steps in crisis learning are detailed investigation and accountability, industry inspection and remediation, and policy improvement and change. At the site of the accident, a recent accident will inevitably lead to active crisis learning, but the local government will also initiate crisis learning elsewhere for rational human reasons. Firstly, from the perspective of future scientific crisis decision-making and risk avoidance, learning is an important channel for rational people to gain knowledge and information; they can better understand situations and make judgments due to crisis learning. Especially in the current period of prominent risk stock and rising cumulative risk, there is uncertainty risk in all industries and better accident learning options at less cost by effectively learning from the lessons of major accidents elsewhere. Secondly, based on the external institutional environment, on the one hand, with the rapid pace of urbanization and the continual development of urban size, the causes or scope of the impact of accidents and disasters that have had a limited impact initially began to cross spatial and administrative borders, resulting in “cross-border crises” [60]. The emergency response and management of such accidents is a complex adaptive system that can only maximize collective performance if multiple actors collaborate [61], stimulating inter-regional integrated accident learning by non-incident local governments. On the other hand, there is “competition for the yardstick” between local governments [62], and it is a clear strategic competition between their own and neighboring jurisdictions in the assessment of safety management performance, which indirectly shapes the incentive to learn from accidents in non-accident areas.



In conclusion, the local government where the accident occurred will take the initiative to learn from the accident and spread it to its neighboring areas, pushing other non-accident areas to start learning from the accident. Accordingly, Hypothesis 1 is proposed.



Hypothesis 1 (H1).

There is a spatial spillover effect of crisis learning by local governments in major accidents.





What is the specific relationship between major accidents and crisis learning effects? This article tentatively argues that the relationship between major accidents and crisis learning effects of local government is not simple and linear. On the one hand, when the frequency of major accidents is low, a crisis learning process of “learning from neighbors” and “growing in wisdom” among local governments is established. The local government will immediately set up a special investigation team to investigate the cause of the specific production safety accident, summarize the lessons learned from the accident, interpret the accident investigation report in detail, and spread it to other regions [63]. After that, local governments will carry out categorized and graded accident learning and regulation, strengthening the leadership responsibility of local officials, the supervisory responsibility of safety supervision departments, and the main responsibility of the enterprises concerned by binding responsibility to bear [64], as well as supervising and inspecting high-risk areas of industry that may be exposed to accidents and carrying out in-depth investigations of safety hazards and other actions. At this stage, local governments mainly engage in crisis learning through precise and spontaneous safety regulations for specific accidents, and this “regulation effect” [65] leads to a crisis learning effect. On the other hand, when major accidents are frequent and high, the recurrence of similar accidents in similar industries or the repeated occurrence of major accidents in the same province at this stage are indicative of weaknesses in the local government’s production safety governance and of poorer crisis learning effects, which, in addition to triggering self-correction and self-investigation by various functional departments and industries, may also trigger cross-regional inspections and remediation directly led by higher authorities. The learning and reflection are campaign-like and policy-oriented and will become even more severe when the “deterrent effect” is triggered by a mandatory and high political stance and combined with departmental accountability [66]. As can be seen, crisis learning induced by the “deterrent effect” can lead to poor crisis learning and even worsen the crisis learning effect, to the detriment of improving the level of intrinsic safety.



In summary, it can be tentatively assumed that there is no simple and linear relationship between major accidents and the crisis learning effect of local government. When the frequency of major accidents is low, the crisis learning effect of local government mainly comes from the “regulatory effect,” while when major accidents are frequent, the “regulation effect” is squeezed out or even replaced by the “deterrent effect” of the external environment, such as pressure from higher levels, resulting in major accidents and a worsening of the crisis learning effect of local government. Accordingly, Hypothesis 2 is proposed.



Hypothesis 2 (H2).

There is a non-linear relationship between major accidents and the crisis learning effect of local government.






3.2.2. The Moderating Effect of Political Pressure


Political pressure is an important factor in the non-linear relationship between major accidents and the crisis learning effects of local governments. Specifically, the occurrence of major accidents is situated in a specific political arena, and the post-disaster political environment, which is composed of multiple streams of forces such as focal events, public opinion, and stakeholder groups, constructs the causal chain of the accident and the direction of learning for public organizations [67,68]. How political factors influence the crisis learning effect depends on the specific characteristics of political involvement. Political pressure can impede the integrity of organizational learning, but some researchers argue that organizational crisis learning in the public sector under political pressure emerges as a more complex relationship [69]. It can be seen that organizational learning is often indirectly interfered with by post-disaster political factors, but the specific role of disaster political factors in the process of organizational crisis learning is debated.



In the case of the political environment in China, the political attributes of high pressure can solidify information restrictions and control constraints in the crisis learning of local government [48,70]. This is reflected in two aspects: First, the steep increase in political pressure limits the processing of information for the crisis learning of local government. For example, compared to the accident investigation mechanism in developed countries, China’s inflexible investigation timeframe constrains the depth of investigation reports to a certain extent, which is not conducive to crisis learning [21]. Second, the high-pressure political station reinforces the accountability rather than the learning orientation of local governments. In the context of campaign-style supervision, the crisis learning of local government is characterized by an emergency and episodic nature, and the learning style of issuing instructions from higher levels and passive implementation by lower levels inhibits the dynamic role of learning, which also indirectly shifts the motivation of accident learning from a “regulatory effect” to a “deterrent effect”. In order to reach the goal of accident supervision and oversight quickly and in the short term, local governments engage in inefficient, stimulus-response-style crisis learning [71].



However, it has also been shown that political pressure leads to great institutional and conceptual changes, generating post-disaster, organizational double-loop learning [72]. Especially in our post-disaster political environment, leadership directives and policy texts [73] are transmitted to create a synergy of learning in public organizations. As can be seen, the political pressure increases the uncertainty of local crisis learning with respect to major accidents and influences the direction, scope, and intensity of learning in public organizations. Specifically, political pressure may influence the non-linear relationship between the frequency of major accidents and the crisis learning effect of local government. Accordingly, Hypothesis 3 is proposed.



Hypothesis 3 (H3).

Political pressure moderates the relationship between the frequency of major accidents and the crisis learning effect of local government.








4. Research Design


4.1. Sample Selection and Data Sources


This article uses panel data from 2006–2017 for 30 provinces in China, with a total of 360 observations for “year-province.” Data on the death rate of 100 million yuan of GDP in safety accidents and the number of safety accident death were obtained from the China Work Safety Yearbook, Provincial Emergency Management Departments, and the Statistical Bulletin of National Economic and Social Development. The frequency of major accidents and the number of fatalities in major accidents were obtained from the China Stock Market and Accounting Research (CSMAR) database, the policy document variables were obtained from North University Fabulous, and the data of other variables were obtained from the China Statistical Yearbook. All data are publicly available official data with high reliability.




4.2. Variable Definitions


The dependent variables. From “learn from the mistakes of neighbors”, that is, through cross-regional and cross-sectoral knowledge acquisition, knowledge transfer, and knowledge assimilation, the final crisis learning effect is reflected in the increase and update of crisis knowledge at all levels of government, i.e., “grow in wisdom.” On the one hand, the “wisdom” is reflected in the strengthening of governmental safety supervision and the standardization of the work production safety of enterprises. On the other hand, the conceptual or cultural level is the implicit change in the culture and awareness of production safety. The aim is to eliminate the potential for accidents, solve problems at the root, and ultimately reduce accidents in production safety. From this perspective, this article measures the effect of crisis learning in terms of the relative concept of the death rate of safety accidents, as similar studies have applied the same rate for computing the accident rate [74,75,76], while the absolute concept of the number of safety accident deaths is used for robustness testing. It is worth noting that no accidents have occurred in some provinces, resulting in the independent variable taking a value of zero. Meanwhile, we refer to previous studies and add 0.01 to the model before taking the logarithm, which did not affect the final results [62].



The independent variables. Considering the suddenness and severity of major accidents, in general, if a region has a number of major accidents in a row, it will highly focus the attention of the local government, and even the central government, and will initiate the crisis learning of local government. In this article, the frequency of major accidents is measured by the number of major accidents that occur in a region in a year, and the higher the frequency of major accidents, the more likely it is that crisis learning will be initiated. Robustness tests are also conducted using the number of fatalities in major accidents.



Moderating variables. In order to explore what role political factors play in the crisis learning process after accidents, the political pressure variable was introduced and was measured by the number of policy documents in the field of safety production, including laws and regulations, departmental regulations, and local normative documents. Such policy documents directly carry the top-down political will and are authoritative and compulsory. The greater the policy density, to some extent, the greater the local political pressure [77]. Specifically, the number of policy documents in the field of production safety is characterized by the use of North University Fabulous to limit local regulations and topics to be counted.



Control variables. To reduce the influence of other omitted variables, this article adds provincial-level variables that may affect the effects of crisis learning, mainly including the level of economic development, fiscal revenue, fiscal expenditure, industrial structure, fixed asset investment, per capita wage, technical equipment rate, and public safety expenditure. Variable definition and data source of the main variables are summarized in Table 1.




4.3. Identification Strategies


To test Hypothesis 1, we consider whether there is spatial autocorrelation in the crisis learning and apply the Moran Index to test the global spatial autocorrelation. To ensure the robustness of the results, this article uses the geographic adjacency matrix, the geographic distance matrix, and the economic geography matrix as the spatial weight matrix. Specifically, in the geographic adjacency matrix (denoted as W1), the corresponding element in the weight matrix takes 1 if two regions are adjacent; if two regions are not adjacent, 0. In the geographic distance matrix (denoted as W2), the geographic distance weight is expressed as the inverse of the distance between provincial capitals. The calculation method of the economic geography matrix (denoted as W3) is    W 3  =  W 1  ∗  D  i j    , where W1 is the traditional geographic adjacency matrix. The formula for    D  i j     is


   If   i ≠ j   ,    D  i j   =    1  |    X i  ¯  −   Y i  ¯   |       ;   if   i = j   ,    D  i j   = 0   ,   where     X ¯  i  =  1  12     ∑   2006   2017    X  i t     



(1)




where    X  i t     is the economic variable for  i  province in period t, i.e., the real per capita income level.



Table 2 shows the results of the Global Moran’s I index measure of crisis learning effects in 2017. The Global Moran’s I index of the local crisis learning effect is significantly positive based on the geographic proximity matrix (W1), geographic distance matrix (W2), and economic geography matrix (W3). This indicates that the spatial distribution pattern of the crisis learning effect of local government does not exhibit a random distribution, but rather a strong spatial clustering; i.e., areas that are geographically adjacent, geographically close, and economically geographically similar exhibit significant spatial clustering characteristics. Therefore, the spatial correlation that exists between regions should not be ignored when discussing the crisis learning effects of local government.



To test Hypothesis 2, a spatial panel model is considered to control for spatial correlation by including all lagged terms in the model. As a standard starting point for spatial econometric models, the spatial Durbin model is a standard framework for capturing various types of spatial spillovers, and it can be transformed into a common spatial lag and spatial error models under different coefficient settings, thus making it more general [78,79]. Therefore, this article mainly adopts the spatial Durbin model to carry out empirical tests and constructs the following model:


  Y r a t  e  i t   =  α 0  +  ρ 1    ∑  1 n   w  i j   Y r a t  e  i t   +  α 1  L n M a j o r n u  m  i t   +  α 2  S L n M a j o r n u  m  i t   +    ρ 2    ∑  1 n   w  i j   L n M a j o r n u  m  i t    + δ ∑  X  i t   + γ   ∑  1 n   w  i j    X  i t   +  u  i t   +  ε  i t    



(2)







In Equation (2),  i  denotes the province, and  t  denotes the year.   Y r a t  e  i t     denotes the death rate of safety accidents to measure the crisis learning effect of local government, and   L n M a j o r n u  m  i t     denotes the frequency of major accidents. Based on the theoretical hypothesis of the frequency of major accidents and local crisis learning effects, a quadratic term of the frequency of major accidents is introduced into the model (  S L n M a j o r n u  m  i t    ) to test for a possible non-linear relationship between the two.    W  i j       represents three types of spatial weight matrices (geographic proximity matrix W3, geographic distance matrix W2, and economic distance matrix W3) used to describe the spatial proximity relationship between regions,  ρ  and  γ  denote the spatial lag coefficients of each of the main explanatory and control variables,  α  represents the coefficients to be estimated,  u  denotes the regional fixed effects, and  ε  denotes the random disturbance term.



To test Hypothesis 3, this article adopts the theoretical model of the validated moderating effect proposed by Wen et al. [80] and further develops empirical evidence based on spatial econometric techniques by testing the model as follows:


  Y r a t  e  i t   =  α 0  +  ρ 1    ∑  1 n   w  i j   Y r a t  e  i t   +  α 1  L n M a j o r n u  m  i t   +  α 2  S L n M a j o r n u  m  i t   +   ρ 2    ∑  1 n   w  i j   L n M a j o r n u  m  i t   +  α 3  L n p u r e ∗ L n M a j o r n u  m  i t   +  α 4  L n p u r e  ∗ S  L n M a j o r n u  m  i t    + δ ∑  X  i t   + γ   ∑  1 n   w  i j    X  i t   +  u  i t   +  ε  i t    



(3)







In Equation (3),    α 3  L n p u r e ∗ L n M a j o r n u  m  i t     denotes the interaction term between the primary term of the frequency of major accidents and the crisis learning effect of local government,    α 4  L n p u r e  ∗ S  L n M a j o r n u  m  i t     represents the interaction term between the quadratic term of the frequency of major accidents and the crisis learning effect of local government, and the rest is the same as in Equation (2).





5. Results


5.1. Descriptive Statistics


Table 3 summarizes the results of descriptive statistics for all variables involved in the empirical model.




5.2. Major Accidents and Crisis Learning Effect of Local Government


To examine the robustness of the adopted models, this article reports non-spatial OLS, non-spatial plain panel, and spatial Durbin models. Moreover, when the regression analysis is restricted to specific individuals and the data sample is a full sample of 30 Chinese provinces, this article mainly uses fixed effects models to control for the province and year of the observed variables.



As can be seen in Table 4, the spatial lag term of the region’s accident mortality rate based on the three types of spatial weight matrix is significantly positive at the 1% level, indicating a significant spatial effect of the death rate of safety accidents. Either spatial distance indicates a positive effect of the neighboring region’s accident mortality rate on the region’s accident mortality rate, initially confirming that the crisis learning effect of local government has a spatial spillover effect. Hypothesis 1 is confirmed.



Drawing on the three-step method [81,82] to test U-curve relationships in this article, we conducted three steps. In the first step, both the primary and secondary terms of the frequency of major accidents in Model 3 and 4 are significantly positive at the 10% level, satisfying the first condition. In the second step, the slope of the two endpoints of the U-curve is required to be significantly steeper. The slope of the curve is negative when LnMajornum takes the minimum value and positive when LnMajornum takes the maximum value. Since this article focuses on the curve relationship between the frequency of major accidents and the crisis learning effect of local government, the control variables do not affect the shape of the curve relationship. The analysis of the curve shape can be simplified by finding the first-order derivative of the independent variable, which is the slope of the curve (due to space limitations and the fact that the derivation process is not the focus of the text, only the results of the established formulae are used to make a determination, with reference to the literature mentioned above for the specific derivation process). According to the descriptive statistics results in Table 3 and the regression results of Model 4, the calculation of the formula   R =  α 1  + 2  α 2  L n M a j o r n u  m  i t     yields a slope of the curve for the independent variable taking a minimum value (Rmin) of −0.0186 and a slope of the curve for the independent variable taking a maximum value (Rmax) of 0.0321, which satisfies the second condition. The third step requires the inflection point to be located within the range of values of the independent variable, and the inflection point in this article is −1.94 by taking the first-order partial derivative of the regression equation and making it zero. In summary, there is a significant U-shaped curve relationship between the frequency of major accidents and the crisis learning effect of local government. With the frequency of major accidents, major accidents first have a dampening effect on the local accident mortality rate and then turn to a worsening effect, implying that the crisis learning effect of local governments changes from a positive to a negative effect. Hypothesis 2 is confirmed.



We attempt to provide here an explanation of the U-shaped effect of crisis learning based on practice in China. Firstly, when very few major accidents occur, the crisis learning of local government is based on a gradual regulation and learning approach and is focused on specific problems through supervision and supervision, and investigations into hidden dangers in specific fields and industries involved in accidents increase. However, when the stock of risks is prominent, and the risks are incrementally rising, especially when accidents in similar industries and fields are continuous and frequent, cumulative learning occurs after the accident due to the superposition of multiple accidents. Local governments in this case prefer to adopt deterrent learning, regardless of the existence of local enterprises in violation of the law, and this involves “all shut down”, “first stop and say”, and other learning methods (for example, after the “3.21” chemical plant explosion in Yancheng City, Jiangsu Province, the city decided to close down the chemical park in Ringshui. At the same time, Jiangsu Province proposed to reduce the number of chemical enterprises to 1000 by 2022). However, such deterrent learning tends to weaken the process of learning lessons and summarizing experiences of major accidents; instead, the real lessons are not learned, and accident learning is a formality. This is reflected in two ways that hinder local crisis learning: First, crisis learning induced by the deterrent effect not only fails to achieve safe development but may also become a constraint on economic development, with a higher death rate of safety accidents, despite a decline in the total number of accidents in production safety. Second, such deterrence-induced crisis learning is costlier and, from enterprises to local governments, tends to be more inefficient and superficial, even creating a situation where government and enterprises collude, which has been shown to lead to more accidents and further worsen the crisis learning effect of major accidents.




5.3. Robustness Check


To ensure the reliability of the above results, this article further employs three approaches for robustness testing: First, the core independent variables are replaced. Considering the singularity of measuring by the number of major accidents, this was replaced by the number of fatalities in major accidents to measure the crisis learning effect of local government. Second, the dependent variables were replaced. The crisis learning effect of local government is reflected not only in the decline in accident fatality rates as a relative indicator, but also as an absolute indicator [83]. This article replaces the death rate of safety accidents by the number of safety accident deaths, so as to measure the absolute crisis learning effect of local government. Thirdly, the measures were re-chosen and further tested with a spatial error model (Model 8) and a spatial autoregressive model (Model 9), taking into account the applicability of the spatial Durbin model. The results in Table 5 show, after various robustness analyses, a U-shaped relationship between the frequency of major accidents and the crisis learning effect of local government, which still supports the core findings of the previous section.




5.4. Moderating Effect of Political Pressure


Table 6 shows the moderating effect of political pressure on the frequency of major accidents and the crisis learning effect of local government. The estimation results show that the primary and secondary terms of the frequency of major accidents are significantly positive, while these terms are significantly negative after adding the interaction term, indicating that political pressure moderates the U-shaped relationship between the frequency of major accidents and the local crisis learning effect. Hypothesis 3 is initially confirmed.



So how do the effects of political pressure manifest themselves? Based on existing research [84,85], the effect of political pressure on the U-shaped curve is analyzed in terms of the shape of the curve (flat or steep) and the movement of the inflection point (left or right). First, regarding the impact of political pressure on the U-shaped curve, as can be seen from the derivation of the formula, the impact of the moderating variables on the apex of the U-shaped curve is mainly expressed in the positive and negative coefficients of the quadratic and interaction terms of the independent variables (due to space limitations and the fact that the derivation process is not the focus of this article, only the results of the formula are used to make a determination, referring to the literature above for the specific formula derivation process). If the coefficient is significantly positive, the curve shape is relatively flat; conversely, the curve shape is relatively steep. In the regression results of Model 12–14 in Table 6, the coefficients of the interaction term between political pressure and the quadratic term of the frequency of major accidents are significantly positive, indicating that the higher the political pressure, the flatter the U-shaped curve relationship between the frequency of major accidents and the crisis learning effect. Second, regarding the effect of political pressure on the movement of the inflection point, according to the derivation of the equation (in line with the previous section, the specific formula derivation process is not discussed here, and the effect of the moderating variable on the inflection point of the curve is determined by α_1 α_4-α_2 α_3), the skewed values are all less than zero, indicating that the inflection point of the U-shaped curve between the frequency of major accidents and the crisis learning effect of local government shifts to the left when political pressure increases.



It can be seen that the U-shaped relationship between the two becomes flatter as political pressure increases. When the frequency of major accidents is low, increased political pressure reduces the dampening effect of major accidents on regional accident mortality. When major accidents are frequent, increased political pressure reduces the worsening effect of major accidents on regional accident mortality. At the same time, increased political pressure can force local governments to shift from a regulatory effect to a deterrent effect in advance, even when faced with a lower frequency of accidents, in a way that is not conducive to virtuous crisis learning.



Figure 2 is further drawn to demonstrate the moderating effect of political pressure on the frequency of major accidents and the crisis learning effect of local government. Figure 2 clearly illustrates the findings of a U-shaped relationship between the two, which is explained by the fact that major accidents may contribute to both regulatory and deterrent effects, each having an opposite effect on local crisis learning effects. The regulation effect shapes a precise, progressive, and benign crisis learning process and effect, effectively reducing accident fatalities; the deterrence effect, however, presents a mandatory inappropriate crisis learning approach, which in turn increases accident fatalities and worsens accident crisis learning effects. This ultimately leads to a non-linear relationship between major accidents and the crisis learning effect of local government.



At the same time, political factors, with political pressure at their core, play a dual role in shaping a multidimensional local learning orientation by regulating the U-shaped relationship between the two. On the one hand, political pressure weakens the effect of benign local crisis learning in situations where the frequency of major accidents is low, to the detriment of sustaining long-term local learning. This is mainly due to the fact that, as political pressure increases, crisis issues are rapidly politicized [86], and the intensity of the accumulated political pressure hinders local learning [87]. In scenarios of high political pressure, crisis learning is motivated by the deterrent effect of major accidents, forcing a shift from gradual, lesson-learning-based crisis learning to movement-based learning. Meanwhile, political pressures shape complex crisis learning scenarios, with interest groups in major accidents often ignoring systemic failures to find individuals to blame, thus adopting solutions that cater to political pressures rather than evidence-based scientific solutions [88]. This approach greatly reduces the potential value of an otherwise valuable experience. In addition, political pressure drives a U-shaped inflection point to the left, which means that, even in the context of less frequent major accidents, a sudden increase in political pressure drives the perceived political risk and accountability risk of local governments to the fore, inducing a shift from a regulatory to a deterrent effect, leading to adverse crisis learning effects. However, when major accidents are highly frequent, increased political pressure can weaken the dampening effect of major accidents on local crisis learning effects. This means that political pressure plays an effective role in controlling and guiding the crisis learning process at the local level, and that the intervention of political authority regulates and corrects the adverse crisis learning effects induced by the deterrent effect at the local level.





6. Conclusions


Although sustainable development is more concerned with environmental issues [89], according to the official UN definition, “human beings are at the center of concern for sustainable development. They are entitled to a healthy and productive life in harmony with nature …” [90]. Sustainable development is not only green, but is also concerned with human sustainability [91]. In contrast to the ecological and economic development dimensions of sustainability, the social dimension of sustainability, especially safety, is often neglected [92]. Still, it is often an important basis for realizing other dimensions. Therefore, this paper focuses on accidents and safety under the topic of sustainability. While accidents undermine safe and healthy work environments, they also open a window of policy opportunity for safe and sustainable transformation through crisis learning. On the one hand, more lessons can be generated and learned from accidents with severe consequences (e.g., major accidents) than from similar accidents with limited consequences (e.g., attempted accidents) [93], and it is also more likely that crisis knowledge will be available for sustainable development. On the other hand, crisis learning research is still deficient regarding the learning process at the local level [20]. Local governments can learn through plans and policies, coordination and networks, and the knowledge of local leaders for emergency preparedness [94,95]; this also means that the important role played by local governments in the crisis learning process cannot be ignored.



Therefore, this paper focuses on the crisis learning process of local governments in major accidents and explores how better to achieve the sustainability of public safety with learning mechanisms. Specifically, this article examines the crisis learning effect of local governments from spatial effects. Based on provincial panel data from 2006–2017 in China, we conduct a systematic and robust empirical test of the proposed hypotheses. Our findings demonstrate firstly that, after a major accident, local governments in the place of occurrence take the initiative to learn from the crisis and at the same time spread their knowledge to neighboring regions, promoting other, non-accident places to start learning from the crisis, creating a spatial spillover effect of the local crisis learning effect. As we discussed earlier, this provides solid evidence for shifting from organizational learning to inter-organizational learning [53,54]. In particular, the crisis learning effect between governments (of the non-accident site and the accident site) is confirmed. Secondly, there is a U-shaped relationship between the frequency of major accidents and the crisis learning effect of local government. When the frequency of major accidents is low, the regulatory effect triggered by major accidents leads to effective crisis learning for local governments. Still, when major accidents are frequent and reach a certain threshold, the crisis learning effect is worsened by the excessive deterrent effect. Thirdly, higher political pressure weakens the relationship between major accidents and the crisis learning effect of local government by both smoothing out the U-shaped curve and shifting the inflection point to the left. Political pressure plays a dual role in the crisis learning effect of local government, which is consistent with the findings of previous studies on the multidirectional nature of factors influencing crisis learning [45,46]. This article builds on the former by providing specific pathways and mechanisms of influence.



Our findings have many policy implications and help in solving the dilemma of crisis learning failure among local governments and building a long-term crisis learning mechanism. First, this article’s findings show a significant spatial spillover effect on the crisis learning effect of local governments, implying that, to conduct crisis learning effectively, local governments must construct a collaborative learning mechanism between regions. A collaborative system of regional accident learning can be explored, and a “large system” of information sharing on major accidents can be established for emergency management needs. Second, in the face of cross-regional crisis learning with regard to major accidents, local governments should focus on effective regulatory effects to initiate crisis learning. They should fully seize the time window of the regulatory effect of the major accident, use precise and progressive safety regulations and crisis learning, and establish a comprehensive safety accident learning information system that links up and down and is consistent with the left and right. Third, this article shows that appropriate political status and authority can highlight the effects of crisis learning through regulatory effects, but excessive political power is not conducive to crisis learning. Therefore, crisis learning must not simply rely on top-down political authority but also on behavioral compliance and appropriate pressure. It is important to clarify and implement the basis and norms for political accountability in major accidents.



However, there are certain limitations to this study. First, due to data availability, the measurement of the crisis learning effect of local governments in this article needs to be further tested. Second, this article is based on provincial panel data in China, and whether there is still a spatial spillover effect on the crisis learning of municipal and even grassroots governments need to be tested. Third, this article mainly explores the crisis learning of local governments at the macro-quantitative level, and the specific patterns and details of the crisis learning process need to be explored.



Future research could also focus on a few specific areas. On the one hand, the spillover effect of local government crisis learning could be explored by expanding the sample data and variables, e.g., at a broader level (grassroots government), and the impact of other factors on crisis learning, such as variables other than political factors, could also be investigated. Additionally, the crisis learning process of local governments should be depicted in conjunction with case research to validate and complement the quantitative research on crisis learning.
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Figure 1. Model of the spatial spillover effect of crisis learning by local governments. 
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Figure 2. The U-shaped relationship between major accidents and the crisis learning effect of local government. 
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Table 1. Variable codes.






Table 1. Variable codes.





	
Variables

	
Name

	
Specific Codes

	
Data Sources






	
Dependent Variables

	
Crisis Learning

Effect

	
Yrate

	
The death rate of 100 million yuan of GDP of safety

Accidents

	
China Work Safety Yearbook, Provincial Emergency Management Departments, and the

Statistical Bulletin of National Economic and Social Development




	
LnYdeath

	
Log (the number of safety accident death)




	
Independent Variables

	
Frequency of Major Accidents

	
LnMajornum

	
Log (the number of major accidents)

If a major accident occurred before June, it is summarized in the number of major accidents in the current year; after June, it is summarized in the following year.

	
CSMAR Database




	
The Number of

Fatalities in Major Accidents

	
LnMajordea

	
Log (the number of fatalities in major accidents)




	
Moderating Variables

	
Political Pressure

	
Lnpure

	
Log (the number of policy documents in the field of production safety)

	
North University Fabulous




	
Control Variables

	
Level of Economic Development

	
Lnpgdp

	
Log (per capita GDP)

	
China Statistical Yearbook




	
Financial Revenue

	
Lninc

	
Log (local fiscal revenue)




	
Financial Expenditure

	
Lnexp

	
Log (local financial expenditure)




	
Industrial Structure

	
Lnindu

	
Log (percentage of secondary industry)




	
Fixed Investment

	
LnAsset

	
Log (total social fixed asset investment in the mining sector)




	
Per Capita Wage

	
Lnwage

	
Log (the average wage of urban unit workers on duty)




	
Technical Equipment Rate

	
Lnequ

	
Log (the technical equipment rate of enterprises in the construction industry)




	
Public Safety Expenditure

	
Lnsafety

	
Log (local financial public safety expenditure)











[image: Table] 





Table 2. Moran’s index of the crisis learning effect of local government, 2006–2017.
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	Year
	Geographical Adjacency Matrix (W1)
	Geographical Distance Matrix (W2)
	Economic Geography Matrix (W3)





	2006
	0.479 ***
	0.319 ***
	0.260 ***



	2007
	0.482 ***
	0.314 ***
	0.281 ***



	2008
	0.488 ***
	0.301 ***
	0.249 ***



	2009
	0.511 ***
	0.334 ***
	0.210 ***



	2010
	0.526 ***
	0.344 ***
	0.198 ***



	2011
	0.545 ***
	0.362 ***
	0.177 *



	2012
	0.536 ***
	0.354 ***
	0.158 *



	2013
	0.215 **
	0.301 ***
	0.073 *



	2014
	0.064
	0.107 *
	0.191 ***



	2015
	0.003
	0.03
	0.116 *



	2016
	0.182 *
	0.177 **
	0.148 **



	2017
	0.125 *
	0.190 **
	0.098 *







Note: * indicates p < 0.1, ** indicates p < 0.05, *** indicates p < 0.01.
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Table 3. Descriptive statistics of variables.
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	Variable
	Obs
	Mean
	SD
	Min
	Max





	Yrate
	360
	0.2263
	0.2152
	0.0000
	1.2274



	LnYdeath
	360
	7.5214
	0.7665
	3.1359
	9.1963



	LnMajornum
	360
	−0.7714
	2.5395
	−4.6052
	2.6398



	LnMajordea
	360
	1.1512
	3.8075
	−4.6052
	6.3457



	Lnpure
	360
	3.7450
	1.1409
	−4.6052
	5.8750



	Lnpgdp
	360
	10.4487
	0.5912
	8.7491
	11.7675



	Lninc
	360
	7.0887
	1.0099
	3.7436
	9.3344



	Lnexp
	360
	7.8237
	0.7933
	5.1622
	9.6183



	Lnindu
	360
	3.8176
	0.2124
	2.9450
	4.0828



	LnAsset
	360
	5.0357
	1.6489
	−2.4079
	7.4396



	lnwage
	360
	10.6209
	0.4552
	9.6544
	11.8130



	Lnequ
	360
	9.3322
	0.4208
	6.5903
	10.4600



	Lnsafety
	360
	5.0540
	0.7403
	2.6899
	7.1017
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Table 4. Impact of frequency of major accidents on the effectiveness of local crisis learning.






Table 4. Impact of frequency of major accidents on the effectiveness of local crisis learning.





	
Variables

	
Non-Spatial OLS

	
Non-Spatial Plain Panel (FE)

	
Space Durbin Model




	
Model 1

	
Model 2

	
Adjacency Matrix

	
Geographical Matrix

	
Economic Matrix




	
Model 3

	
Model 4

	
Model 5






	
LnMajornum

	
−0.0014 (0.0026)

	
−0.0013 (0.0020)

	
0.0101 *

(0.0049)

	
0.0136 *

(0.0053)

	
0.0093

(0.0056)




	
SLnMajornum

	
0.0014 ***

(0.0003)

	
0.0011 ***

(0.0003)

	
0.0026 *

(0.0012)

	
0.0035 **

(0.0013)

	
0.0018

(0.0014)




	
Lnpgdp

	
−0.1550 ***

(0.0196)

	
−0.395 ***

(0.0604)

	
−0.356 ***

(0.0482)

	
−0.350 ***

(0.0559)

	
−0.381 ***

(0.0543)




	
Lninc

	
0.0158

(0.0231)

	
0.192 **

(0.0699)

	
0.144 **

(0.0535)

	
0.216 ***

(0.0587)

	
0.194 **

(0.064)




	
Lnexp

	
−0.116 ***

(0.0286)

	
−0.450 ***

(0.0884)

	
−0.186 **

(0.0671)

	
−0.333 ***

(0.0784)

	
−0.272 ***

(0.0788)




	
Lnindu

	
−0.0148

(0.0274)

	
0.0103

(0.0827)

	
−0.0367

(0.0609)

	
0.0394

(0.0746)

	
0.1

(0.0745)




	
LnAsset

	
−0.0108 *

(0.0043)

	
−0.0004

(0.0081)

	
0.0123 *

(0.0062)

	
0.00626

(0.0068)

	
0.00891

(0.0072)




	
lnwage

	
−0.104 ***

(0.025)

	
−0.173 *

(0.0816)

	
0.0308

(0.0495)

	
0.0154

(0.0697)

	
0.0519

(0.078)




	
Lnequ

	
0.0498 ***

(0.0142)

	
0.0488 ***

(0.0156)

	
0.0168

0.0119)

	
0.0227

0.0134)

	
0.0423 **

0.0138)




	
Lnsafety

	
0.0194 *

(0.0084)

	
0.0292

(0.0187)

	
0.0467 ***

(0.0136)

	
0.0562 ***

(0.0152)

	
0.0580 ***

(0.0147)




	
w.Yrate

	

	

	
0.619 ***

(0.0495)

	
0.445 ***

(0.0765)

	
0.254 **

(0.089)




	
w.LnMajornum

	

	

	
−0.0167 *

(0.0084)

	
−0.0275 *

(0.0137)

	
0.0074 *

(0.0157)




	
Regional

Effect

	
None

	
Control

	
Control

	
Control

	
Control




	
Time Effect

	
None

	
Control

	
Control

	
Control

	
Control




	
Log-L

	

	

	
511.5879

	
488.1484

	
480.8593








Note: Values in brackets are standard errors; * indicates p < 0.1, ** indicates p < 0.05, *** indicates p < 0.01; w.Yrate and w.LnMajornum denote the spatial lag term of the natural logarithm of the accident fatality rate and the frequency of major accidents for billion GDP, respectively; due to space constraints, the estimated results of the spatial lag term coefficients of each control variable in the spatial Durbin model are not reported in this article.
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Table 5. Robustness tests.
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Variables

	
Substitution of Explanatory Variables

	
Substitution of Explanatory Variables

	
Replacement Estimation Model




	
Model 6

	
Model 7

	
Model 8

	
Model 9






	
LnMajornum

	

	
0.0182 ***

(0.0051)

	
0.0273 **

(0.0128)

	
0.0273

(0.0228)




	
SLnMajornum

	

	
0.0046 ***

(0.0013)

	
0.0074 ***

(0.0017)

	
0.0073 **

(0.0034)




	
LnMajordea

	
−0.0004

(0.0011)

	

	

	




	
SLnMajordea

	
0.0011 ***

(0.0002)

	

	

	




	
w.Yrate

	
0.265 **

(0.0871)

	
0.231 **

(0.0891)

	

	




	
w.LnMajornum

	

	
0.0321

(0.0149)

	

	




	
w.LnMajordea

	
−0.0056

(0.0028)

	

	

	




	
Control variables

	
Control

	
Control

	
Control

	
Control




	
Regional effects

	
Control

	
Control

	
Control

	
Control




	
Time effect

	
Control

	
Control

	
Control

	
Control




	
Log-L

	
524.6133

	
514.8987

	
−29.4363

	
−49.6805








Note: Values in brackets are standard errors; ** indicates p < 0.05, *** indicates p < 0.01; w.Yrate, w.LnMajornum, and w.LnMajordea denote the spatial lagged terms of the log of the accident mortality rate of billion GDP, the log of the frequency of major accidents, and the log of the fatalities in major accidents, respectively; limited to space, Model 8–9 only report regression results with a geographical proximity matrix.
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Table 6. Moderating effects of political pressure.
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Variables

	
Non-Spatial OLS

	
Non-Spatial General Panel Model (FE)

	
Space Durbin Model




	
Model 10

	
Model 11

	
Adjacency Matrix

	
Geographical Matrix

	
Economic Matrix




	
Model 12

	
Model 13

	
Model 14






	
LnMajornum

	
0.126 ***

(0.0215)

	
0.0928 ***

(0.0174)

	
0.0502 ***

(0.0144)

	
0.0740 ***

(0.0141)

	
0.0835 ***

(0.0147)




	
SLnMajornum

	
0.0290 ***

(0.0057)

	
0.0204 ***

(0.0046)

	
0.0113 **

(0.004)

	
0.0164 ***

(0.0037)

	
0.0185 ***

(0.0038)




	
LnMajornum × Lnpure

	
0.0074

(0.0077)

	
−0.0217 ***

(0.0046)

	
−0.0109 **

(0.0038)

	
−0.0155 ***

(0.0037)

	
−0.0204 ***

(0.0038)




	
SLnMajornum × Lnpure

	
−0.0075 ***

(0.0015)

	
−0.0048 ***

(0.0012)

	
−0.0024 *

(0.0011)

	
−0.0034 ***

(0.001)

	
−0.0046 ***

(0.001)




	
Lnpure

	
0.0074

(0.0077)

	
0.0116

(0.0067)

	
0.0071

(0.0067)

	
0.0049

(0.0056)

	
0.0141 *

(0.0056)




	
w. Yrate

	

	

	
0.369 ***

(0.0655)

	
0.244 **

(0.089)

	
−0.0121

(0.1024)




	
w.LnMajornum

	

	

	
−0.0272

(0.0341)

	
−0.102

(0.053)

	
−0.0159

(0.0472)




	
w.SLnMajornum

	

	

	
−0.0155

(0.0091)

	
−0.0317 *

(0.0131)

	
−0.00733

(0.0125)




	
w.Lnpure

	

	

	
−0.0453 ***

(0.0134)

	
−0.0291

(0.016)

	
−0.0466 **

(0.0172)




	
Control variables

	
Control

	
Control

	
Control

	
Control

	
Control




	
Regional effects

	
None

	
Control

	
Control

	
Control

	
Control




	
Time effect

	
None

	
Control

	
Control

	
Control

	
Control




	
Log-L

	

	

	
557.4930

	
527.9089

	
526.3293








Note: Values in parentheses are standard errors; * indicates p < 0.1, ** indicates p < 0.05, *** indicates p < 0.01; w.Yratio and w.Lnlargeaccident denote the spatially lagged term of the natural logarithm of the accident fatality rate and the frequency of major accidents in billion GDP, respectively.
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