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Abstract

:

The COVID-19 pandemic put forward a new test for an economic resilience study. Its long-term and diffusive spatiotemporal characteristics suggest that we need to pay attention to the resilience and spatial heterogeneity of cities over a longer period. This paper applied SARIMA and the performance curve to measure the economic resilience of each city under the pandemic, and explored its influencing factors and spatial heterogeneity using a geodetector and geographically weighted regression model. The results show that: (1) From 2020 to 2022, the economic resilience in the Yangtze River Delta presented a downward to upward to slightly downward trend. High-resilience cities were concentrated in southern Jiangsu, while vulnerable cities were primarily located in western Anhui. The performance of regional core cities was not as strong as in previous research focusing on long-term economic resilience. (2) Fixed-asset investment, related variety, labor supply level, foreign trade dependence, and innovation level were the main influencing factors, on average. The effects of these factors had spatial heterogeneity related to the regional endowment and development quality. The findings suggest that the specificity of public health risks and the lack of coping experience may lead to a general failure of economic resilience. Identifying key factors and current weaknesses in each region can make resilience improvement strategies more targeted and effective.
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1. Introduction


Resilience refers to a system’s ability to return to an equilibrium or stable state after a disturbance or shock [1]. In recent years, the frequent occurrence of extreme weather, natural disasters, and epidemics has brought challenges to urban development. As complex giant systems, cities are becoming more vulnerable and sensitive to various risks in the context of accelerated urbanization and deepening globalization. The concept of “resilience” has thus attracted much attention from multidisciplinary scholars. “Resilient city” has also been incorporated into urban development planning and policy objectives. The Sustainable Development Goals (SDG) of the United Nations proposed to “Make cities and human settlements inclusive, safe, resilient and sustainable”. Building urban resilience is a critical pathway to achieve sustainable development as a way to deal with uncertainties [2].



At present, resilience has penetrated many urban subsystems, such as economic, social, infrastructural, and institutional systems [3], and economic resilience has become a crucial dimension of a “resilient city”. Whether the urban economic system has the ability for resistance, adaptation, and recovery determines its performance under various uncertainties and whether it can achieve sustainable development and high-quality growth. Especially, as the concept of resilience has evolved from “engineering resilience” and “ecological resilience” to “evolutionary resilience”, the dynamic adaptability and the ability to create a smarter and more sustainable development path after disturbance, emphasized by evolutionary resilience, depends more on the economic resilience of the city [4,5].



Reggiani first introduced resilience into the study of spatial economics [6]. With the introduction of the adaptive cycles theory into the economic field, the concept of economic resilience is no longer limited to static equilibrium but develops in the direction of evolution, and more emphasis is placed on the forward evolution of economic systems. Simmie et al. believe that the process of adaptation and change is the basis of regional economic resilience, and adaptive capacity is the most essential attribute of economic resilience [4]. Boschma extends the concept of economic resilience from the ability to respond to shocks to the long-term ability of regions to develop new growth paths [5]. Considering the ambiguous concept of regional economic resilience, Martin and Sunley proposed a comprehensive definition as the capability of the regional economy system to withstand and recover from market or environmental shocks, and to restore its original development path or transit into a new sustainable path through the adaptive changes in economic structure [7]. In subsequent studies, they further interpreted it as four dimensions: risk, resistance, reorientation, and recoverability [8]. Their perspective integrates equilibrium and evolutionary theory, gaining considerable acceptance within the academic community and finding extensive application in empirical research.



Currently, empirical research on economic resilience primarily emphasizes two aspects: the measurement and evaluation, and the analysis of its influencing factors. The commonly used methods employed for measurement are the index system method and the proxy variable method. In the index system method, the goal tier is disassembled into multi-dimensional criterion tiers. For example, Briguglio proposed an evaluation system containing macroeconomic stability, microeconomic market efficiency, good governance, and social development to measure the effect of shock absorption or counteraction policies across countries [9]. Man et al. evaluated economic resilience from five socioeconomic aspects, including diversity, revenue and expenditure, innovation environment, development trend, and openness [10]. Li’s system included vulnerability-resistance and adaptability-transformation, considering the evolutionary process of regional economic resilience [11]. As these studies have shown, this approach is more suitable for scenarios under “slow burn” disturbances. In the proxy variable method, economic resilience is characterized by the variation of a specific economic indicator (e.g., unemployment, GDP) before and after a shock. This method was designed by Martin. By constructing a counterfactual function, the expected decline (rise) of the proxy variable is used to characterize the resistance (recovery) level [12]. This approach is more suitable for resilience research under sudden risks, and it was used and expanded by many scholars [13,14].



In terms of the study of influencing factors, the analysis framework is composed of four subsystems: structural and business, labor market, financial, and governance, which provide the basis for the subsequent studies [7]. Economic structure [15,16,17], industrial diversity [5,18,19,20,21], and technological innovation are often considered key factors in regional economic resilience [22,23,24,25]. Some scholars have also discussed financial factors [26,27], economic openness [28,29], government policies, and others [30,31]. There is some consensus that diversified industrial structure and higher innovation ability often have positive effects on economic resilience [5,18]. However, under different disturbances, regions, or economic cycles, the mechanism of influencing factors always varies. Focusing on the post-financial crisis period, Xiao and Grabner have demonstrated that industry-related diversity significantly affects economic resilience in European and American cities [20,32]. However, He and Fritsch’s studies on China and West Germany, respectively show that regions with high related variety are more susceptible [21], and the promotion effect of unrelated diversity tends to be more pronounced [33].



Overall, before the COVID-19 pandemic, most existing studies focused on financial crises or natural disasters as the risk background, and relatively less attention was paid to public health emergencies. In contrast to the financial crisis that directly impacted the economic system, or natural disasters that directly cause material losses, COVID-19 spread from the public health field to the socio-economic area, triggering a series of cascading effects such as economic activities restriction, production shutdown, fiscal deficits increment, and global value chains disruptions [34,35], and brought unprecedented, widespread, and lasting impacts. While the SDGs have made progress in reducing disaster losses as a proportion of global GDP [36], the COVID-19 pandemic has reminded us that we still need to be vigilant about the potential impact of various uncertainties on the economy. How to keep economically resilient and quickly recover from this hundred-year public health emergency has become an important issue in economic resilience research.



Some scholars have so far measured economic resilience under COVID-19, mostly based on Martin and Doran’s framework [12,37]. For example, Hu, Li, and Meng et al. took GDP as the proxy variable and measured the performance of their study area in 2020, assuming that the change range of a specific city during the recession will shrink according to the national rate [38,39,40]. They all found that large cities or developed provinces were more vulnerable to the pandemic at its early stage. There are also some scholars who used contemporary data comparing the crisis year with the previous year. Kim et al. found that the differences in economic resilience between different US states in the early stage of the pandemic were greater than before. With the deepening of the pandemic, the gap narrowed [17]. Jiang et al. found that China’s economy was heavily affected by the pandemic in the first half of 2020, and the resilience index began to reverse in the third quarter [41]. Some scholars have adjusted the proxy variables. For example, Angelopoulos et al. utilized the location quotient method based on the number of JobKeeper applications—a Federal Government initiative from Australia—as a proxy for economic resilience [42]. Tuysuz et al. measured the economic impact of the pandemic on Turkey using more extensive data on employment, exports, energy, consumption, and business closures. They found that Turkey’s innovative and open regions were more vulnerable in the first three months of the crisis, and regions with strong GDP recovered more slowly [43]. However, all these approaches need to define the contraction or expansion period first and are more suitable for the short-term process around 2020. But when we extend the resistance and recovery period, the calculation results are prone to large distortion. The characteristics of the COVID-19 pandemic, such as multiple waves, long-term existence, and phase changes in control policies, remind us to pay attention to cities’ resilience level over a longer period. It also has implications for the sustainability of cities. Further exploration is needed to identify a more suitable measurement method for the extended period following the pandemic.



Moreover, as mentioned above, a factor may have different degrees or opposite effects in different regions, even under the same shock. This feature is also reflected in the empirical study of influencing factors under public health risks. For example, Kim et al. used the ordinal logistic regression model to test the role of industrial structure. They found that key industries with low interpersonal interaction, such as non-store retailers and professional services, were significantly correlated with the economic resilience of U.S. regions [17]. Conversely, using the geodetector model, Hu found that the tertiary industry had a negative effect on the resistance of Northeast China contrarily, and the impact of industrial diversity and economic openness was also negative [38]. Li’s study on resource-based cities in China reached the same conclusion [40]. Considering that the pandemic did not occur simultaneously in different cities and spread from city to city, it also highlighted that, when we look into economic resilience under the pandemic, spatial non-stationarity and dependence issues may exist in economic resilience under the impact of such risks. Therefore, it is of theoretical and practical significance to study the mechanism of influencing factors from the perspective of spatial heterogeneity.



Taking the COVID-19 pandemic as an external shock, the study aims to make up for the research gaps mentioned above. We selected 27 central cities in the Yangtze River Delta, China, as the case study area. The research duration was extended for the first time, spanning from the first quarter of 2020 to the fourth quarter of 2022 (hereinafter referred to as 2020Q1–2022Q4), which corresponded to the initial large-scale outbreak of the pandemic to the adjustment of the “10 new measures” pandemic prevention policies. We applied the SARIMA time series model to predict the assumed GDP growth curve. On this basis, the performance curve model was used to measure economic resilience dynamically. We used geographically weighted regression to explore the core influencing factors and the spatial heterogeneity of their effects. This paper aims to enrich the study of economic resilience under different risks, and provides strategies for urban economic resilience improvement and sustainable development in the post-pandemic period. Several questions are raised as follows: (1) What are the temporal and spatial characteristics of the economic resilience among cities in the Yangtze River Delta under COVID-19? (2) Are the performance and influencing factors of economic resilience under the pandemic consistent with those under other risk contexts, and is there spatial heterogeneity in the effects of the same factors in different regions?



The remainder of this paper is as follows: Section 2 introduces the study area, research methodology, index selection, and data sources. Section 3 presents the results of the empirical analysis, including the performance and determinants of economic resilience. Section 4 discusses the theoretical and practical significance of this study, and proposes suggestions for economic resilience improvement policies. Section 5 concludes the main research results, and proposes the limitations and future research prospects.




2. Materials and Methods


2.1. Study Area


The Yangtze River Delta (hereinafter referred to as the YRD) region is one of the most economically active, open, and innovative regions in China. It has one-sixth of China’s population and one-quarter of its GDP, according to statistics from 2022. We selected cities in the YRD as the study area because the YRD has always been the representative research object in economic resilience research for its high economic vulnerability and high resistance and adaptability [29,44,45,46]. Compared with other regions in China, the YRD has high economic density, frequent population mobility, and fast factor flow. The external-oriented development pattern also makes it more vulnerable to external shocks while deeply rooted in the global value chain. It means a significant risk can cause a high probability of loss and damage. But in turn, the economic dynamism, optimized industrial structure, and advanced governance also make it more adaptable to risks. Current studies focusing on long-term risks or targeting sustainable development have formed a consensus that the YRD has high resilience [47,48]. However, in the context of COVID-19, the risks are further intensified. For example, frequent population mobility brings more potential risks to cities, while the cost of controlling the spread is high. Whether cities can maintain high resilience is not clear yet. Studying the YRD can give us a deeper understanding of economic resilience, maintenance, and improvement.



According to the Outline of the Integrated Regional Development of the Yangtze River Delta (hereinafter referred to as Outline) issued in 2019, the central area of the YRD region includes Shanghai, Nanjing, Wuxi, Changzhou, Suzhou, Nantong, Yancheng, Yangzhou, Zhenjiang, Taizhou in Jiangsu Province, Hangzhou, Ningbo, Wenzhou, Huzhou, Jiaxing, Shaoxing, Jinhua, Zhoushan, Taizhou in Zhejiang Province, Hefei, Wuhu, Ma’anshan, Tongling, Anqing, Chuzhou, Chizhou, and Xuancheng in Anhui Province. This study takes the 27 central cities above as the basic research unit (See Figure 1).




2.2. Research Methodology


2.2.1. Regional Economic Resilience Measurements


	
Seasonal ARIMA model






Box and Jenkins first introduced the autoregressive integrated moving average (ARIMA) model in 1976 to model time series data and forecasts [49]. It requires data stationarity. If the time series includes trend and seasonality, it is ideal to add seasonal components into the ARIMA model, that is, the seasonal ARIMA (SARIMA) model. The model is written as follows:


  SARIMA   p ,   d ,   q       P ,   D ,   Q     s    



(1)




where the parameters   p ,     d ,     q   are the non-stationary order, which represents the order of autoregression (AR), difference, and moving average (MA), respectively. The parameters   P ,     D ,     Q   refer to the seasonal part, which represents the order of seasonal autoregression, period-by-period difference, and moving average, respectively.   S   is the number of periods in a season.



In this paper, we select quarterly GDP as the proxy variable for resilience measurement. Since quarterly GDP exhibits both temporal trends and seasonal cyclical fluctuations, the SARIMA model is more appropriate than other time series models. Applying this model to predict the assumed growth curve can also overcome the shortcomings of the “simultaneous ratio” method in previous studies.



	2.

	
Performance curve model







Since the impact brought by this public health emergency has a long recovery time, and the process was several big hits including many small impacts, we used the performance curve model to reflect the dynamic performance evolution of the system better. This approach is common in the study of infrastructure resilience, focusing on the performance loss and recovery time of infrastructure systems after disasters. Bruneau and Reinhorn proposed a function curve for the recovery of performance level to its original state after an earthquake [50]. Cimellaro et al. added the case of over-recovery or failure [51]. Both described the resilience of the area enclosed by the performance curve and the horizontal and vertical coordinates. They neglected the fact that the original performance level of each system and the impact degree are different. Ouyang improved on this model, emphasizing that resilience should be characterized by the ratio of the area enclosed by the disturbed performance curve and the time axis to the enclosed area under normal operation [52]. Zhou et al. applied this method to the economic resilience assessment in post-earthquake disaster areas, using GDP as the performance index of the economic system [53]. In this paper, we construct an economic resilience curve model based on the economic system, using the ratio of the time integral of the actual and forecast quarterly GDP curve. The formula is as follows:


  R =     S   B       S   A + B     =     ∫    t   0       t   n      F   t   d t       ∫    t   0       t   n      A   t   d t      



(2)




where     t   n     is a point in time,   n = 0 ,   1 ,   2 ,   … 12   (i.e., 2019Q4, 2020Q1, 2020Q2, …2022Q4),   F   t     represents the growth curve without the pandemic forecast from SARIMA, and   A   t     represents the actual quarterly GDP curve after the pandemic (See Figure 2). The   R   value indicates the extent to which the local economy has recovered from the shock. The larger the   R   value, the higher the level of economic resilience.   R ≥ 1   indicates that the city has overcome the pandemic impacts and returned or transcended to its original growth rate, while   R < 1   indicates that it has not fully recovered from the shock and the pandemic has affected its long-term growth.




2.2.2. Analysis of Influencing Factors


	
Geodetector model






Geodetector is a statistical tool developed by Wang et al. to detect spatial differentiation of geographical phenomena and reveal the driving force behind it [54]. Compared with other statistical methods, such as linear regression, geodetector has fewer assumptions and can detect a variety of different forms of data. It has been widely used in natural ecology and social economy research. The latest study from Zhang et al. established an explicit connection between the q-statistic in geodetector and the R-squared in the linear regression model [55]. In this paper, we use the factor detector of the geographic detector model to identify the main explanatory factors affecting regional economic resilience. The calculation model is as follows:


  q = 1 −   1   N   σ   2       ∑  h = 1   L      N   h     σ   h   2     = 1 −   S S W   S S T    



(3)




where   q   is the explanatory power of the factor X,   q ∈   0,1    . The larger the   q   value, the stronger the explanatory power of the factor for the spatial differentiation of economic resilience.   h   is the code of each variable;   L   is the category divided by factors;   N   and     N   h     are the sample size and the number of each unit;     σ   h   2     and     σ   2     are the variances within the class and globally; and   S S W   and   S S T   are the sum of the variances within each category and the total variances in the whole domain, respectively.



	2.

	
Geographically weighted regression model







For the resilience index with significant spatial clustering, spatial non-stationarity should be considered. The geographically weighted regression model (GWR) is selected. GWR is an extension of the OLS model. The spatial weight matrix is added to the model to perform a local parameter estimation for each location observation point within a nearby range, and the regression coefficient of the independent variable changes with the geographical location [56]. Due to the possible spatial agglomeration of economic resilience, this paper uses the GWR model to identify the local spatial heterogeneity of different influencing factors. The formula is as follows:


    y   i   =   β   0       μ   i   ,   v   i     +   ∑  k = 1      β   k       μ   i   ,   v   i       x   i k     +   ε   i    



(4)




where       μ   i   ,   v   i       represents the geographic coordinates of the sample   i  ,     β   k       μ   i   ,   v   i       represents the regression coefficient of the independent variable   k   in space   i    , and     ε   i     is the intercept. The spatial weight is calculated according to the spatial kernel function. This paper chooses the Gaussian kernel function, which performs better when dealing with continuous variables. Bandwidth is the coverage of the kernel function. It controls the smoothness of the model and significantly impacts the parameter estimation. The bandwidth in this paper is determined according to the Akaike information criterion (AIC) value.





2.3. Index Selection and Data Sources


Referring to Martin’s analytical framework and the characteristics of the pandemic, we selected the influencing factors from five dimensions: economic structure, labor environment, financial support, government management, and pandemic factors. Then, we further selected the variables considering the relevant literature research and data availability (Table 1). The regional economic structure can directly reflect the economic operation, and affect the degree of impact and the ability to recover and adapt. We selected the contribution rate of tertiary industries, related variety, foreign trade dependence, and the innovation level to reflect it. The labor environment is about social stability in the context of shocks for its impact on employment: wage losses, the failure of job maintenance, and an inadequate labor force to put into production [57]. To reflect this dimension, we selected the labor supply level represented by the unemployment rate. Financial support can help enterprises withstand shocks through loans to maintain supply chain stability and help consumers share risks through savings and stimulate consumption [58,59,60]. In terms of financial support, financial efficiency represented by the loan-to-deposit ratio of financial institutions is selected. Government management was strongly related to economic resilience, especially in the context of COVID-19, whether it was the control policy in the early stage or the work resumption and economic boost measures in the later stage [30,61]. The share of public health expenditure and the fixed-asset investment were selected. In terms of pandemic factors, the number of days with more than ten new cases was selected to represent the pandemic severity. The growth rate of industrial electricity consumption was selected to represent the tempo of work resumption. The variance inflation factor (VIF) was used to detect the multicollinearity in the regression analysis. The VIF values of the above ten variables are lower than 7.5, passing the multicollinearity test.



The regional quarterly GDP data from 2010 to 2022 used for forecasting were derived from the progress data version of the China City Statistics Database and the quarterly reports of the municipal statistical bureaus. In terms of data processing, the cumulative accounting of quarterly GDP was separated, and longitudinal comparability was maintained to eliminate the impact of prices. In this practice, we took the real GDP of 2000 as the base period and converted the nominal GDP of each city into constant prices GDP, using its province’s GDP deflator.



The socio-economic data involved in the influencing factors are from the 2020–2021 China City Statistical Yearbook and the statistical yearbooks and bulletins of each city. The pandemic data come from Sina News and the Municipal Health Commission (statistical time: 2 January 2020–15 December 2022)





3. Results


3.1. SARIMA Model Construction


Take Nanjing as an example. First, we obtained Nanjing’s quarterly GDP from 2010Q1 to 2019Q4, took a logarithm, and established a time series. As Figure 3a shows, it has obvious seasonality and trends. Therefore, a new nonstationary sequence was obtained by first-order period-by-period difference and first-order seasonal difference. It passed the unit root test, so we received parameters d = 1 and D = 1. Observing the characteristics of the autocorrelation (AC) and partial autocorrelation (PAC) graphs (Figure 3b), we compared the most likely model to decide the possible value of parameters p, q, and P, Q, and finally picked the model   SARIMA   1 ,   1 ,   1       1 ,   1 ,   1     4     according to the AIC and adjusted R2 values. The AIC was −3.13 and the adjusted R2 was 0.53. The model was used to make static predictions of the 2012Q3–2019Q4 values. The prediction results were well-fitted with the true values, and the mean absolute percentage error (MAPE) was 3.77. After testing, most cities fit the model well, and some parameters were adjusted for Tongling and Chuzhou with unsatisfactory effects to reduce the error rate. The error rates for all cities are shown in Table 2. Finally, the GDP of 2020Q1–2022Q4 was predicted dynamically by this model (Figure 3c).




3.2. Spatiotemporal Distribution Characteristics of Economic Resilience


According to Formula (2), we calculated the changes in economic resilience of 27 cities on a period-by-period basis and visualized the results with ArcGIS 10.2 (Figure 4). Table 3 presents the results by province. From the global level, most of the cities were still in a sustained state of damage in 2020Q2, gradually recovered from 2020Q3, and reached the peak of the overall recovery in 2021Q3. The resilience level gradually increased since 2020Q3, reaching the peak of overall recovery in 2021Q3. Afterward, affected by a new wave of shock, some cities’ resilience levels declined again, while the high-resilience cities remained stable, indicating their sustained momentum. As shown in Table 4, by 2022Q4, only 8 cities got a resilience score over 1. They were: Zhoushan, Chuzhou, Suzhou, Zhenjiang, Wuhu, Shaoxing, Wuxi, and Changzhou. It means only these cities have made up for their losses and achieved new growth after the pandemic, while other cities are still in the process of stop-loss recovery.



From the perspective of spatial correlation, the global Moran’s I = 0.209 (z = 2.173) in 2022Q4. There is a significant spatial positive correlation, and the cities with high economic resilience are concentrated in southern Jiangsu Province, including Zhenjiang, Suzhou, Changzhou, Wuxi, Taizhou, etc., and form “sunken areas” in Yangzhou and Nantong. Low-resilience cities are located in central and western Anhui Province, such as Tongling and Anqing, forming “hump areas” in the neighboring Wuhu and Chizhou. The spatial distribution is consistent with the results obtained by Cheng and Liu using the index system method [45]. It is worth noting that the core cities of the region, such as Shanghai, Nanjing, Hangzhou, and Hefei, showed poor performance, which is generally different from the conclusions of previous studies focusing on the long-term economic resilience of the YRD [29,46]. It indicates that the special nature of the COVID-19 pandemic and the lack of response experience may lead to failures in urban economic resilience in general, even though they have high innovation levels or advanced industrial structures. In a diffusible crisis, the core cities are more likely to suffer high economic losses due to their close external connection, frequent population mobility, and factor exchange. The severity of the pandemic, in turn, brought more restrictive measures in the subsequent control phase, thus affecting the economic recovery process.



The evolution trend of economic resilience varies from province to province (Table 3). At the beginning of the pandemic, cities in Anhui Province showed a higher resilience level, while cities in Jiangsu and Shanghai were less resilient, mainly related to the extent to which they were directly affected by the pandemic (e.g., the number of cases). However, as the course of time drags on, the downward trend in Anhui becomes more obvious, which confirms that the economic impact of the pandemic is not isolated and short-run, but transitive and long-term [35]. Since most of the leading industries in Anhui cities are downstream of the industrial chain, the economic impact of the upstream cities will have a lagging but profound impact on them. The relatively primary industrial structure and poor innovation capability result in the lack of redundancy in the economic system. This also leads to the lack of source power to revive, restructure, and seek new development opportunities, constraining sustainable development [62]. On the contrary, Jiangsu experienced a long and severe period of damage, but quickly improved to keep pace with Zhejiang in 2021Q2. It ultimately caught up with Zhejiang after 2021Q4, showing that Jiangsu promoted the work and production resumption and actively sought a development path adjustment. The resilience variation trend of Zhejiang is relatively stable, reflecting its robustness and adaptability to respond to diversification risks and maintain long-term growth. As a whole, compared with the steady improvement in the previous period, the change in economic resilience value flattened and showed a slight downward trend after 2022. Although the current measures to boost the economy have produced positive effects, we should be aware that they have also shown some marginal effects. Therefore, further exploration of influencing factors will be carried out to provide a reference for the strategies of economic recovery and resilience improvement in the post-pandemic era.




3.3. Spatial Heterogeneity Analysis of Influencing Factors


3.3.1. Selection of Main Explanatory Factors Based on Geodetector


Since the geodetector was more suitable for analyzing type variables, the quantile classification method was used to divide every continuous independent variable into four categories, and the economic resilience of each city was used as the dependent variable to calculate the explanatory power of each factor.



The q-values of each factor are shown in Table 5. The top five factors are: fixed-asset investment (X8, government management dimension, 0.460) > related variety (X2, economic structure dimension, 0.223) > labor supply level (X5, labor environment dimension, 0187) > foreign trade dependence (X3, economic structure dimension, 0.179) > innovation level (X4, economic structure dimension, 0.124). It shows that the government management factor is the most critical to economic resilience under the public health emergency risk, much more than other factors. Economic structure factors play a role in many aspects, including diversification, innovation, and openness. Economic resilience also relies on a stable labor environment. However, the attributes of the pandemic itself are not obvious when considering a longer duration. The endowments of the region are more important instead.




3.3.2. Spatial Difference Analysis of Influencing Factors Based on GWR


Taking the above five factors as independent variables, the GWR model was constructed to explore its effect and spatial heterogeneity from a local perspective. The goodness of fit of the model is 0.670. The standard residuals are all in the range of     − 2.5 ,   2.5    . Based on the standard residuals of each city, the spatial autocorrelation test is carried out and gets Moran’s I = 0.07 (p = 0.714), which means the residuals were distributed randomly. The above examinations show that the model is effective and that the results of the geodetector are reliable.



In Table 6, quantile statistics on the coefficients of each explanatory variable show that the effects of each variable vary significantly in different urban units. In terms of median and average values, foreign trade dependence, innovation level, and labor supply level (a negative indicator) are positively correlated with economic resilience, while the dominant effects of related variety and fixed-asset investment are negative.



Figure 5 visualizes the spatial distribution of the regression coefficients of these factors.



	
Related variety






Related variety has negative effects on the economic resilience of most cities in the YRD; that is, improving related variety does not always contribute to the promotion of resilience. This is contrary to the common view of previous studies that related variety can balance the high economic efficiency of specialization with the ability to spread economic risks of diversification, thus forming strong economic resilience [5,18].



Combining the spatial distribution of regression coefficients (Figure 5a) can help understand this finding. The regression coefficient of each city increases from the west to the east. It has positive effects on coastal cities such as Shanghai, Suzhou, and Ningbo, but negative effects on most cities in the Anhui Province. The reason lies in the difference of leading industries in various regions. Most of the leading industries in Anhui are low-value and labor-intensive. Thus, the high related variety easily leads to industrial isomorphism, path dependence, and lock-in. Therefore, such cities need more unrelated industries, especially knowledge-intensive and emerging industries, to promote the adaptation and renewal of the region under risk. As a comparison, the leading industries in the eastern cities are capital- and technology-intensive, and the risk transmission of related industrial chains after disturbance can be alleviated to some extent. So, enhancing their related variety can make it easier to leap into a new development path through knowledge complementarity and cooperative innovation. In addition, Guo et al. found that with the improvement of regional innovation level, the effect of related variety on regional economic resilience turns from negative to positive [63]. Our findings echo this. The knowledge, technology, and labor quality of Anhui cities are lower than those in the eastern region. It is difficult to support the transformation and upgrading of industrial structure and the transfer of labor force between industries, which inhibits the positive effects of related variety.



	2.

	
Foreign trade dependence







Foreign trade dependence has a positive effect on the economic resilience of most cities. Figure 5b shows that the regression coefficient increases from northwest to southeast, and the negative effects mainly occur in Anhui and adjacent cities in Jiangsu, centered on Chuzhou and Ma’anshan. The common characteristics of the foreign economy of these cities are the higher proportion of processing trade in the trade structure, and that most of them are embedded low-end into the global value chain, so they are more sensitive to external risks. Although the eastern coastal cities have a higher foreign trade dependence, their more rational trade structure, more diversified trading partners, and a broader and stronger domestic market provide redundant opportunities for resistance and recovery under risks. These advantages also explain why the results of this paper are contrary to the conclusions of Eraydin’s study on Turkey and Hu’s study on northeast China [28,38]. For example, in Zhejiang Province, where the positive effect is most obvious, the import and export trade structure is dominated by general trade rather than the processing trade, which has been hit hard by the pandemic. It helps cities to mitigate the risk. Meanwhile, cross-border e-commerce transactions also account for a considerable proportion of the total imports and exports in cities like Hangzhou and Ningbo. In the third quarter of 2020, the growth of national import and export trade volume turned negative to positive; cities with high economic openness promoted the positive effect against the trend by mobilizing the “double cycle” of domestic and foreign markets, mainly manifested as the export of pandemic prevention supplies, work and production resumption to make up the supply gap, and the accelerated development of cross-border e-commerce.



	3.

	
Innovation level







Figure 5c shows that the positive and negative effects of innovation level on the economic resilience of YRD cities are equally distributed. With Shanghai and Suzhou as the low-value centers, the coefficient increases outward in a circular way. Innovation level has a positive effect on the economic resilience of Anhui and Zhejiang cities. Interestingly, the low-value area city overlaps highly with the Shanghai Metropolitan Area city. A possible explanation is that, as a global science and technology innovation center, Shanghai’s innovation-driving role in surrounding regions has matured, and the spillover effect of innovation improvement on economic resilience is somehow limited. For the regional peripheral cities, such as Hangshaoyong, Hewuma, and other surrounding small metropolitan areas, the marginal benefits of improving innovation on economic resilience will be more significant.



	4.

	
Labor supply level







The regression coefficient of the labor supply level is negative in the whole region (Figure 5d). As the urban registered unemployment rate is a negative indicator, it shows that sufficient labor supply and a favorable labor environment will promote regional economic resilience. In the context of the pandemic, stabilizing employment should be an important task for the whole region. Keeping employment stable should be an important task for the whole region to make a concerted effort during the pandemic. The regression coefficient increases from the central part to the north and south. The low-value areas are mainly distributed in Anhui, while Zhejiang is not sensitive to changes in labor supply level. Compared with other provinces, the high urban unemployment rate in Anhui is an important explanatory factor for the low economic resilience. On the one hand, the pandemic aggravated the unemployment risk. On the other hand, the continuous population outflow also indicates the need to improve the labor environment. Therefore, it is necessary to adopt a series of measures to assist enterprises, stabilize the employment situation, and accelerate recovery from the crisis.



	5.

	
Fixed-asset investment







Fixed-asset investment is the indicator with the greatest regional heterogeneity (Figure 5e). It corresponds with the highest explanatory strength that the geodetector shows, emphasizing that government management plays an important role in the resistance and recovery from the pandemic. This is consistent with the study of Gong et al., that is, the government has adopted a series of fiscal policies to stabilize the market and boost the economy [61]. Investment in fixed assets is a key factor driving regional economic growth. Honig’s empirical evidence in the context of the financial crisis also suggested that improvements in government quality could reduce the frequency of sudden stops in capital inflows and operations [64].



The positive effect area includes eastern Zhejiang and the cities surrounding Hefei, whose fixed-asset investment growth rates are all around 4% to 5%. The values of cities in the negative effect area, such as Xuancheng and Huzhou, are generally high, above 6%. It indicates that the high growth rate of fixed-asset investment does not always mean that economic resilience is elevating simultaneously. Ezcurra pointed out that the higher the government quality, the more resilient the region will be during the Great Recession, and the positive effect is also related to the expenditure structure [30]. The same is true during the pandemic. For example, the high fixed-asset investment growth rate in Xuancheng is mainly driven by real estate and infrastructure investment, which are not necessary for resilient development and do not contribute to the SDGs. To enrich the medical resources to cope with the peak of the pandemic, Shanghai sharply increased public health investment. It is necessary and understandable, but limited investment in industrial sectors directly affects economic growth. It is necessary to balance investment structures in time when the pandemic is under control. This puts forward more precise and flexible requirements for government governance quality.






4. Discussion


The all-round impact of the public health emergency on the local economy reminds us that, in addition to natural disasters and financial crises, more risks are bringing about hidden worries to the regional economic system. The empirical analysis in this paper has theoretical and practical value for the study of economic resilience. Firstly, while many scholars have expressed concern about economic resilience in the face of COVID-19, their research primarily focused on the short-term process around 2020. This paper draws on the performance curve method from the infrastructure field to explore a dynamic economic resilience measurement method that covers the whole process of the pandemic, which extends the span of the current research and can also reflect the economic fluctuations affected by the multi-wave pandemic. It can be extended to the study of other risk sources with strong burstiness and long duration.



Secondly, current studies have found that under different shock backgrounds, regions, or economic cycles, the mechanism of influencing factors will change. Moreover, even under the same shock, the effect of the same factor varies in different regions. Considering the spatial characteristics of the pandemic, for instance, it may not occur in different cities simultaneously, and it will transmit and spread among cities. To analyze the spatial heterogeneity and dependence of economic resilience during the pandemic, this paper combines the geodetector and GWR model to analyze the spatial distribution of the effect of the core explanatory variables, which provides a new perspective for the study of regional economic resilience, and inspires us to conduct more refined comparative studies. It also points out that it is necessary to identify the core influencing factors and the current shortcomings. The combination of both will help to make the policy-making more targeted and effective.



Based on the principles above, we make several policy implications aimed at improving economic resilience, as shown in Table 7. Concerning the division of metropolitan areas in the Outline and the spatial distribution pattern of GWR results, we divide the study area into six subregions: Shanghai and its surrounding areas, Nanjing and its surrounding areas, northern central Jiangsu, Hangzhou and eastern Zhejiang, Hefei and its surrounding areas, and southwest Anhui. Then, we summarize the regression coefficient value of the influencing factors in each region calculated using GWR, and divide their effects into four levels: positive, strongly positive, negative, and strongly negative. Combining the original data of each factor, representing the region’s current situation, we identify the core influencing factors that are more critical to local resilience or have more promotion space. Finally, we put forward the following policy implications to consolidate or improve economic resilience based on regional development. On the other hand, we also encourage collaboration across regions and cities, such as joint prevention and control during the pandemic, coordinated decision-making on policies, and the sharing of information and experience in resilience promotion, etc.




5. Conclusions


Taking the COVID-19 pandemic as a risk source, this paper measures the economic resilience of cities in the Yangtze River Delta from a complete shock cycle and explores the spatial heterogeneity of its influencing factors. The main conclusions are as follows:




	
In terms of temporal evolution, from 2020Q1 to 2022Q4, the variation trend of the overall economic resilience in the YRD was from downward to upward to slightly downward ultimately. The performance of different provinces varied. Anhui had a higher resilience level in the early stages, while the resilience of Jiangsu increased rapidly in the middle and late stages, and Zhejiang presented a stable variation trend, reflecting the differences in vulnerability and adaptability among cities. In terms of spatial distribution, the high-resilience cities were concentrated in the southern part of Jiangsu, and the low-resilience cities were mostly located in the central and western parts of Anhui. The poor performance of regional core cities is inconsistent with former studies that focus on long-term economic resilience, suggesting that the specificity of public health risks and the lack of a coping experience can lead to the failure of economic resilience in the general sense.



	
In the study of influencing factors, fixed-asset investment, related variety, labor supply level, foreign trade dependence, and innovation level were the leading factors for the economic resilience of cities in the YRD. In contrast, the pandemic factor itself was less important than we thought when considering a longer risk cycle. Further geographically weighted regression results show that there was spatial heterogeneity in the effect of each factor. On the whole, related variety had a negative effect, especially for regions with a high proportion of primary industries in the industrial structure, while in regions with a higher innovation capacity, related variety promoted their resilience. Cities with higher foreign trade dependence were more resilient, but cities at the lower end of the global value chain needed to protect against external risks. Most of the positive areas of innovation level were regional peripheral cities. The cultivation of innovation capability will be a breakthrough for them to enhance economic resilience. The labor supply level played a positive role in the whole region. The stability of employment and adequate social security were the cornerstones of economic resilience. Fixed-asset investment had the highest explanation and regional differences. The positive or negative effect depended on the quality of government governance.








Overall, this paper enriches the study of economic resilience during the pandemic from measurement and influencing factors analysis, and provides strategies for urban economic resilience improvement in the post-pandemic period. But we note certain limitations. Further improvement could be conducted: (1) This study uses GDP as the proxy variable of economic resilience, which has been adopted widely by existing studies. However, GDP does not necessarily give the full picture of economic resilience. Follow-up studies can enrich their measurement dimensions by replacing or increasing core variables such as unemployment rate, export, consumption, night light data, etc. [65,66,67]. (2) This study found that the mechanism of some consensus-influencing factors under other risks changed when it came to public health emergencies, which was related to the particularity of the pandemic. It is worthy of further discussion through the causality test. (3) The measurement of economic resilience in this study is inevitably prone to “bounce back”, from the perspective of equilibrium theory [8]. The results show that most cities have not been fully compensated for the economic losses at the end of 2022, but this does not rule out the possibility of a “bounce forward” to a new path.



Although the COVID-19 pandemic caused economic stagnation, it has also created new opportunities for structural changes in the economy. For example, the smart economy has become a vital acceleration engine for economic recovery and growth in the post-pandemic era. A smart economy can be an innovation and knowledge economy, a digital economy, or a green economy [68], all in line with a high-quality, sustainable development path. With 5G, artificial intelligence, cloud computing, ICT infrastructure, and other tools, the smart economy can help cities resist shocks or adapt quickly to external challenges [69]. Sertyesilisik proposed that a smart, circular, and competitive manufacturing industry is a vital pathway for enhancing the resilience of the global economy [70]. Further studies on regional economic resilience can draw on the adaptive cycle model and co-evolution theory, and pay attention to the adjustment and transformation of the economic development path after shocks through case studies.
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Figure 1. Study area. 
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Figure 2. Economic resilience measurement based on the economic system performance curve. 
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Figure 3. Sample: SARIMA prediction modeling of Nanjing: (a) the time series of logarithmic quarterly GDP from 2010Q1 to 2019Q4; (b) the autocorrelation and partial autocorrelation graphs; (c) the fitting of the predicted value to the observed value. 






Figure 3. Sample: SARIMA prediction modeling of Nanjing: (a) the time series of logarithmic quarterly GDP from 2010Q1 to 2019Q4; (b) the autocorrelation and partial autocorrelation graphs; (c) the fitting of the predicted value to the observed value.



[image: Land 13 00175 g003a][image: Land 13 00175 g003b]







[image: Land 13 00175 g004] 





Figure 4. Spatial-temporal distribution of economic resilience. 
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Figure 5. Spatial distribution of regression coefficients of influencing factors in GWR model. (a) Related variety; (b) foreign trade dependence; (c) innovation level; (d) labor supply level; (e) fixed-asset investment. 
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Table 1. The index system of influencing factors of economic resilience.
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Dimension

	
Variable

	
Definition

	
Source

	
Collinear Statistics




	
VIF

	
Allowance






	
Economic structure

	
Industrial structure

	
The ratio of the employees of territory industry (%)

	
China City

Statistical

Yearbook

2020

	
4.37

	
0.23




	
Related variety

	
  R V =   ∑  g = 1   G      p   g       ∑  i ∈   S   g            p   i       p   g         ln  ⁡        p   g       p   i                , where     p   g   =   ∑  i ∈   S   g        p   i      , n is the number of subclass industries (n = 19 in this paper), pi is the proportion of the employed population of urban units of each subclass industry in the total employed population, i = 1, 2, …, 19, G is the number of major industries (G = 6 in this paper), and pg is the proportion of the total employment population of urban units in major industries.

	
5.43

	
0.18




	
Foreign trade dependence

	
Total import and export trade/GDP (%)

	
3.42

	
0.29




	
Innovation level

	
Patent application/patent authorization (%)

	
2.21

	
0.45




	
Labor

environment

	
Labor supply level

	
Urban registered unemployment rate (%)

	
China City

Statistical

Yearbook

2020

	
1.76

	
0.58




	
Financial

support

	
Financial efficiency

	
Financial institution’s year-end loan balance/deposit balance (%)

	
China City

Statistical

Yearbook

2020

	
2.64

	
0.37




	
Government

management

	
Public health investment

	
Public health expenditure as a share of total government expenditure (%)

	
China City

Statistical

Yearbook

2020

	
5.55

	
0.18




	
Fixed-asset investment

	
Growth rate of investment in fixed assets (%)

	
China City

Statistical

Yearbook

2020 & 2021

	
1.21

	
0.83




	
Pandemic

factors

	
Pandemic severity

	
The number of days with more than ten new cases

	
Sina News & Municipal Health Commission

	
2.79

	
0.36




	
Work resumption

	
The growth rate of industrial electricity consumption (%)

	
China City

Statistical

Yearbook

2020 & 2021

	
3.13

	
0.32











 





Table 2. SARIMA model fitting evaluation for each city.






Table 2. SARIMA model fitting evaluation for each city.





	City
	R2
	AIC
	MAPE
	City
	R2
	AIC
	MAPE
	City
	R2
	AIC
	MAPE





	Shanghai
	0.55
	−2.7
	5.11
	Taizhou (a)
	0.25
	−2.41
	5.07
	Taizhou (b)
	0.46
	−3.7
	2.38



	Nanjing
	0.53
	−3.13
	3.77
	Hangzhou
	0.43
	−2.94
	3.62
	Hefei
	0.58
	−2.02
	5.69



	Wuxi
	0.50
	−2.87
	4.09
	Ningbo
	0.59
	−3.04
	3.30
	Wuhu
	0.55
	−1.70
	4.96



	Changzhou
	0.22
	−3.27
	3.00
	Wenzhou
	0.67
	−3.51
	2.30
	Ma’anshan
	0.54
	−1.85
	5.12



	Suzhou
	0.30
	−3.37
	2.90
	Jiaxing
	0.27
	−3.81
	1.93
	Tongling
	0.40
	−2.22
	4.85



	Nantong
	0.51
	−3.01
	2.98
	Huzhou
	0.62
	−3.01
	3.12
	Anqing
	0.34
	−1.75
	6.14



	Yancheng
	0.51
	−2.72
	3.52
	Shaoxing
	0.60
	−3.59
	2.77
	Chuzhou
	0.48
	−2.60
	3.35



	Yangzhou
	0.47
	−2.89
	3.47
	Jinhua
	0.76
	−0.98
	7.66
	Chizhou
	0.55
	−1.90
	4.95



	Zhenjiang
	0.40
	−1.56
	6.62
	Zhoushan
	0.58
	−1.12
	5.65
	Xuancheng
	0.52
	−2.15
	5.58







Notes: Taizhou (a) represents Taizhou in Jiangsu province. Taizhou (b) represents Taizhou in Zhejiang province.













 





Table 3. Results of economic resilience measurement by province.






Table 3. Results of economic resilience measurement by province.





	Average Score
	2020Q1
	2020Q2
	2020Q3
	2020Q4
	2021Q1
	2021Q2
	2021Q3
	2021Q4
	2022Q1
	2022Q2
	2022Q3
	2022Q4





	Global
	0.941
	0.95
	0.979
	0.954
	0.931
	0.94
	0.951
	0.938
	0.922
	0.916
	0.914
	0.907



	Shanghai
	0.945
	0.917
	0.941
	0.976
	0.986
	0.978
	0.979
	0.988
	0.99
	0.982
	0.978
	0.982



	Jiangsu Province
	0.993
	0.977
	0.981
	0.981
	0.984
	0.987
	0.985
	0.98
	0.982
	0.981
	0.976
	0.972



	Zhejiang Province
	1.012
	0.983
	0.976
	0.964
	0.96
	0.969
	0.973
	0.955
	0.946
	0.948
	0.945
	0.93



	Anhui Province
	0.98
	0.958
	0.966
	0.973
	0.976
	0.977
	0.978
	0.974
	0.972
	0.969
	0.965
	0.96



	Number of cities that meet   R ≥ 1  
	6
	5
	6
	5
	7
	7
	8
	8
	8
	8
	8
	8










 





Table 4. Results of economic resilience measurement (t = 2022Q4).






Table 4. Results of economic resilience measurement (t = 2022Q4).





	Rank
	City
	Province
	R
	Rank
	City
	Province
	R
	Rank
	City
	Province
	R





	1
	Zhoushan
	ZJ
	1.098
	10
	Taizhou (a)
	JS
	0.983
	19
	Nantong
	JS
	0.934



	2
	Chuzhou
	AH
	1.080
	11
	Yancheng
	JS
	0.981
	20
	Yangzhou
	JS
	0.927



	3
	Suzhou
	JS
	1.038
	12
	Ningbo
	ZJ
	0.971
	21
	Hefei
	AH
	0.926



	4
	Zhenjiang
	JS
	1.035
	13
	Taizhou (b)
	ZJ
	0.963
	22
	Nanjing
	JS
	0.923



	5
	Wuhu
	AH
	1.028
	14
	Jinhua
	ZJ
	0.961
	23
	Hangzhou
	ZJ
	0.921



	6
	Shaoxing
	ZJ
	1.026
	15
	Ma’anshan
	AH
	0.958
	24
	Shanghai
	SH
	0.909



	7
	Wuxi
	JS
	1.017
	16
	Huzhou
	ZJ
	0.952
	25
	Jiaxing
	ZJ
	0.907



	8
	Changzhou
	JS
	1.002
	17
	Wenzhou
	ZJ
	0.948
	26
	Anqing
	AH
	0.832



	9
	Chizhou
	AH
	0.991
	18
	Xuancheng
	AH
	0.942
	27
	Tongling
	AH
	0.680







Notes: ZJ represents Zhejiang Province, AH represents Anhui Province, JS represents Jiangsu Province, SH represents Shanghai Municipality. Limited by space, only the result of t = 2022Q4 is shown, that is, the final resilience state.













 





Table 5. Factor detection results of geodetector.






Table 5. Factor detection results of geodetector.





	Factor
	Interpretive Power (q-Value)





	Industrial structure (X1)
	0.045



	Related variety (X2)
	0.223



	Foreign trade dependence (X3)
	0.179



	Innovation level (X4)
	0.124



	Labor supply level (X5)
	0.187



	Financial efficiency (X6)
	0.037



	Public health investment (X7)
	0.099



	Fixed-asset investment (X8)
	0.460



	Pandemic severity (X9)
	0.018



	Work resumption (X10)
	0.044










 





Table 6. Coefficients quantile statistics of GWR model estimation.






Table 6. Coefficients quantile statistics of GWR model estimation.





	Explanatory Variables
	Minimum
	Lower Quartile
	Median
	Upper Quartile
	Maximum
	Average Value





	Related variety
	−1.419
	−0.544
	−0.258
	−0.141
	0.145
	−0.354



	Foreign trade dependence
	−0.333
	−0.002
	0.15
	0.242
	1.035
	0.185



	Innovation level
	−0.789
	−0.281
	0.003
	0.232
	0.619
	0.126



	Labor supply level
	−0.925
	−0.467
	−0.249
	−0.161
	−0.004
	−0.247



	Fixed-asset investment
	−1.261
	−0.736
	−0.458
	0.049
	2.282
	−0.265










 





Table 7. Policy implications for subregions.






Table 7. Policy implications for subregions.





	
Subregion

	
Core Influencing Factor

	
Effect

	
Current

Situation

	
Policy Implications






	
Shanghai and its surrounding areas

(Shanghai, Suzhou, Wuxi, Changzhou, Jiaxing, Huzhou, and Zhoushan)

	
Related

variety

	
+

	
Low

	
As a high-level innovation agglomeration area, the region should develop industries that are horizontally related to leading industries to enhance diversity and strengthen the integration and cooperation with upstream and downstream industries to enhance correlation.




	
Fixed-asset

Investment

	
− −

	
High

	
Adjust the fixed-asset investment, and balance the proportion of productive investment, such as manufacturing.




	
Labor supply level

	
+ +

	
Low

	
Stabilize the existing employment positions, standardize the new employment forms, and optimize the entrepreneurial environment.




	
Nanjing and its surrounding areas

(Nanjing, Yangzhou, Zhenjiang, and Xuancheng)

	
Foreign trade

dependence

	
−

	
High

	
Control the foreign trade dependence within a reasonable range. Expand domestic market share steadily to enhance autonomy.




	
Fixed-asset

investment

	
−

	
High

	
Prevent the proportion from being too high to lead to investment dependence. Delay the marginal effect through structural optimization.




	
North-central Jiangsu

(Nantong, Taizhou (a), and Yancheng)

	
Foreign trade

dependence

	
+

	
Low

	
Expand the scale of general trade appropriately, and reduce the proportion of low-value-added processing trade.




	
Hangzhou and eastern Zhejiang

(Hangzhou, Shaoxing, Ningbo, Taizhou (b), Jinhua, and Wenzhou)

	
Innovation

level

	
+ +

	
High

	
With the advantages of a digital economy, the region can build an innovation highland and continue to boost innovation and economic resilience.




	
Hefei and its surrounding areas

(Hefei, Wuhu, Ma’anshan, and Chuzhou)

	
Innovation

level

	
+

	
Low

	
Relying on the local emerging industrial chains, universities, and research institutions, the region should enhance the spillover effect of innovation in the central city. Dock with the Nanjing metropolitan area and carry out collaborative innovation.




	
Labor supply level

	
+

	
Low

	
Improve the mechanism for employment risk prevention and response. Make efforts to solve the labor outflow problems. Bring in high-level talents.




	
Southwest Anhui

(Anqing, Tongling, Chizhou)

	
Related

variety

	
−

	
High

	
Adjust the industrial structure with a large proportion of primary industries. Improve the quality of knowledge, technology, and the labor force to make the positive effects of related variety emerge.




	
Innovation

level

	
+ +

	
Low

	
Build the innovation capacity based on local leading industries, such as new materials in Tongling and Anqing, and semiconductors in Chizhou.




	
Labor supply level

	
+

	
Low

	
Overcome the population siphon effect, and enhance the absorption capacity of rural labor force transfer employment.








Notes: In “Subregion” column, Taizhou (a) represents Taizhou in Jiangsu province. Taizhou (b) represents Taizhou in Zhejiang province. In “effects” column, + represents positive, + + represents strongly positive, − represents negative, − − represents strongly negative.
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