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Abstract

:

In comparison to agglomeration economies, the negative externalities of agglomeration have received less attention. Based on the punishment data of illegal loans from Chinese bank branches, this paper focuses on the relationship between density and credit misallocation to enrich the study of the negative externalities of agglomeration. After controlling for city size and a variety of other possible factors, the empirical results suggest that increased density leads to increased credit misallocation, and this result passes a series of robustness tests, including IV estimation. Agglomeration causes credit misallocation primarily through rising house prices, which causes financial institutions to favor housing-related loans. During this process, the government’s reliance on land finance causes higher house prices and, as a result, more severe misallocation. However, agglomeration does not always lead to an increase in credit misallocation. There are also cases where agglomeration does not lead to an increase in credit misallocation, which suggests that we should pay attention to differences in key characteristics between cities when studying the externalities of agglomeration.
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1. Introduction


The concentration of socio-economic activities in a certain space will not only occur as an economy of agglomeration but also cause an increase in the cost of agglomeration. We know a lot about the agglomeration economies from previous studies, such as better access to information in specific sectors, denser labor markets, improved access to specialized services, and better access to infrastructures (e.g., transportation and communication) and public facilities (e.g., hospitals and schools) [1,2,3,4,5,6]. However, there is relatively little empirical evidence on the negative externalities of agglomeration and how they differ depending on city characteristics.



The formation of cities is determined by a trade-off between agglomeration economies and urban costs, and much of the mainstream urban economic theory relies on or is based on this trade-off, which Thisse and Fujita [7] refer to as the fundamental trade-off of spatial economics. To empirically assess the fundamental trade-off, more evidence on agglomeration costs is needed, especially from developing countries, where the majority of future urban growth is expected to occur [8].



Agglomeration costs are generally considered to be the increased costs of over-concentration of population and industry, such as traffic congestion, high land prices, and air pollution [9,10,11,12]. These high and rising costs cancel out the productivity gains from agglomeration [13]. However, our understanding of the secondary hazards of agglomeration is limited. Credit allocation, for example, a factor with a significant impact on productivity, has yet to be included in the analysis of agglomeration outcomes. We do not know if agglomeration leads to credit misallocation and, thus, lower productivity. As a result, this paper attempts to quantify the costs of agglomeration from the perspective of credit misallocation to contribute to the study on agglomeration costs.



We choose Chinese cities as the subject of our study. On the one hand, the Chinese context is representative. China is the world’s second-largest economy, with a large population and a high level of urbanization that has drawn worldwide attention. On the other hand, China is an ideal setting for studying the effect of urban agglomeration on credit misallocation. China has experienced rapid urbanization since economic reform, accompanied by a large number of mobile populations moving from rural to urban areas and a significant geographic concentration of population and industries [14,15]. As for misallocation, Hsieh and Klenow [16] use counterfactual analysis to conclude that China’s manufacturing total factor productivity (TFP) could increase by 30–50% if the level of resource allocation in China were equal to that in the United States. Song and Wu [17] further estimate that capital misallocation implies aggregate revenue losses of 20 percent for Chinese firms. In China, the non-state sector, especially small and medium-sized enterprises (SMEs), faces significant financing challenges. Banks prefer to lend to large state-owned enterprises (SOEs) and real estate firms. The allocation of a given amount of capital across industries is severely distorted, which not only stifles factor productivity growth but also increases hidden financial risks. These circumstances provide an appropriate social setting for our research.



This paper specifically seeks to answer three questions. First, is high density to blame for the recent increase in credit misallocation in Chinese cities? Second, if there is a causal relationship, what is the mechanism underlying it? Third, is the effect of density on misallocation universal or heterogeneous? Is there a difference between developed and developing regions or between large and small cities? Answers to these questions will help shed more light on the underlying causes of credit misallocation. Using data from Chinese prefecture-level cities, we discover that house price inflation due to agglomeration is a significant cause of credit misallocation, but the magnitude of this effect varies by city. The finding will be useful in assessing the potential financial risks associated with rapid urbanization, which is common in Chinese cities and other rapidly urbanizing developing countries.



The rest of the paper is organized as follows. Section 2 offers the related literature and outlines the theoretical framework of the study. Section 3 discusses the empirical models and the measures of agglomeration and credit misallocation. Section 4 presents the empirical results, and Section 5 summarizes our findings.




2. Literature Review and Theoretical Analysis


2.1. Literature Review


There is a growing consensus that underdevelopment is caused not only by a lack of resources such as capital, skilled labor, entrepreneurship, or ideas but also by the misallocation or misuse of available resources [18]. Credit misallocation has been documented as a prevalent empirical phenomenon among various resource allocations, both in less developed economies in general and in China in particular [19,20]. Banking systems that are well-functioning can channel savings to the most productive investment projects, ensuring efficient credit allocation and enhancing economic growth [21,22]. When a large amount of financial resources flow to inefficient or ineffective sectors while funds for efficient sectors are insufficient, credit misallocation occurs.



It has been demonstrated that banks may not follow prudent credit risk analysis rules in their lending process, i.e., they do not prioritize economic factors such as firm productivity but instead discriminate or favor firms with specific characteristics. We primarily present three common cases of credit misallocation here. Firstly, corruption in financial intermediaries impedes the efficient allocation of capital to smaller firms, forcing them to forego profitable investment opportunities and, as a result, reduces firm growth [23]. Secondly, companies with bank or government ties may have easier access to funding than companies without such ties [24]. China is a typical dual-economy in which low-productivity state-owned enterprises (SOEs) receive a larger share of credit while high-productivity private enterprises (PEs) have limited access to credit [25,26]. Thirdly, there is zombie lending. Following a significant economic shock, weakly capitalized banks purposefully extend credit to borrowers known to be in distress in order to keep insolvent borrowers alive and avoid realizing losses on their balance sheets [27,28].



As Restuccia and Rogerson [29] point out, resource misallocation across heterogeneous firms in an economy reduces aggregate TFP. Misallocation differences across countries have a strong explanatory power for productivity differences [30], and changes in the degree of misallocation within a country over time are also important sources of long-term productivity changes [31,32,33]. The importance of credit misallocation raises two research questions. First, what are the underlying causes of the misallocation? Second, what is the mechanism of influence? In recent literature, two natural candidates have piqued the interest of researchers: capital market imperfections caused by financial frictions and non-market distortions caused by government policies [34]. In terms of financial frictions, Banerjee and Munshi [35] and Banerjee and Duflo [36] show that financial market imperfections lead to credit misallocation across producers (see Greenwood et al. [37] for a model where the level of financial development affects resource allocation across productive uses). In addition, studies on contracting [38,39] find that the dependence on connections in the lending process results from inadequacies in formal institutions, such as the legal system, that make arm’s-length contracting unreliable. In terms of policy distortions, some studies have discovered that the level of credit misallocation in China increases with the SOE share of the local economy; the “preference” for SOEs is a clear manifestation of the phenomenon of government intervention [40]. Furthermore, as a result of state power intervention, corruption may also cause credit misallocation, which reduces economic growth by diverting bank funds from good to bad projects [41].



After reviewing the literature, we discovered that previous studies did not fully investigate the underlying influencing factors behind credit misallocation. The impact of urban agglomeration, in particular, as an important form of the spatial organization of economic development, on credit misallocation is unknown. The extent to which urban agglomeration affects credit misallocation in specific development processes, which cities are more vulnerable to agglomeration in terms of credit allocation, and what measures can be taken to mitigate financial risks in urban development are all unknown. We then analyze and empirically verify these issues to clarify them.




2.2. Impact of Agglomeration on Credit Misallocation


Based on Minsky’s theory of process, we analyze the impact of agglomeration on credit misallocation in this section. For Minsky, the process is the issue, and his theory of process can be summarized as: “Success breeds excess breeds failure”. When times are good, investors take risks; the longer the good times last, the more risks investors take until they overdo it [42]. The specific process by which agglomeration affects credit misallocation is as follows.



Economic agglomeration in cities attracts more labor, which raises local housing demand. This is reflected not only in the direct effect of inflowing labor force housing acquisition but also in the indirect effect of local residents’ demand for improved housing as income levels rise. When there is limited real estate capacity, the inflow of labor increases the demand for property, causing housing prices to rise.



High housing price has imposed a heavy economic burden on residents, which has squeezed out consumer spending, resulting in a decline in market demand for manufacturing products; besides, rising housing price has pushed up the land price, leading to an increase in business costs and labor costs, pushing up the price of manufacturing products, thus resulting in a decline in the competitiveness of the manufacturing industry. Profit margins in the manufacturing industry are severely reduced in such a difficult environment. However, rising housing price results in high profits for the real estate industry. A booming real estate market is a good time for banks. Banks will relax their scrutiny of loans at this time out of a desire for profit, which will speed up the flow of funds to the real estate industry, resulting in insufficient investment in the manufacturing industry and a corresponding reduction in R&D investment [43]. Furthermore, when looking at different sectors within manufacturing firms, the sectors with bubbles frequently attract more capital and crowd out investments in other sectors [44,45]. Attracted by the high profits of the real estate industry, manufacturing firms choose to allocate more capital to the real estate market, which is unrelated to their core business. In addition, rising asset price increases the value of collateral, which increases borrowing to businesses with real estate collateral [46]. A large amount of loan capital is invested in the real estate industry, which promotes the boom and drives up housing prices, creating a circular dynamic that attracts capital. However, the productivity level of real estate and its related industries is much lower than that of other industries. As a result, the increase in investment associated with rising house prices reduces investment efficiency [43]. Rising house price results in a flow of resources to highly profitable but inefficient firms, while high-productivity firms are under-resourced, reducing credit allocation efficiency.



In conclusion, the following hypothesis is proposed in this paper: Agglomeration causes an increase in credit misallocation via rising house prices.




2.3. Agglomeration and Credit Misallocation in China


According to the National Bureau of Statistics of China, China’s urban resident population was 449.06 million in 2000, with an urbanization rate of only 36.22 percent. However, by 2020, China’s urban resident population had risen to 900.22 million, and the urbanization rate had risen to 63.89 percent. The urban population is rapidly increasing (see Figure 1), as is the degree of agglomeration. During this period, China’s housing price has been rapidly rising (see Figure 2). In 2000, the national average sales price of commercial property was RMB 2112 per square meter; by 2020, it had risen to RMB 9860 per square meter, more than 4.6 times higher than in 2000. Housing price in high-density cities, such as Beijing, Shanghai, Guangzhou, Shenzhen, Nanjing, Xiamen, and Hefei, has risen even faster. Highly inflated house price has deviated significantly from the use value of housing, there is a strong speculative trading atmosphere in the market, and the bubble has become increasingly visible, with significant cascading risks.



Soaring house prices drove the continued expansion of the construction and real estate sectors, which boomed exceptionally (see Figure 3). Specifically, the value added by the construction industry in 2018 was RMB 6180.8 billion, an increase of 11.2 times over RMB 553.4 billion in 2000; the value added by the real estate industry was RMB 25,593.7 billion, an increase of 14.6 times over RMB 1970.1 billion in 2000. In stark contrast to this boom is the continued downturn in manufacturing. There is no doubt that China has benefited greatly from its labor cost advantage when participating in global value chains. However, the competitive advantage is gradually eroding as rising house prices have led to higher labor costs, and at the same time, financing in the manufacturing sector has become increasingly difficult. Since the 2008 financial crisis, China’s central bank has continued to increase liquidity in the market, while the share of credit funds entering the real economy has not met expectations. As the real estate economy continues to grow, the crowding-out effect of the real estate bubble has become increasingly prominent. In 2019, China’s manufacturing sector accounted for only 17% of total loans across all sectors, a decrease of 8 percentage points from a decade ago2. The growth rate of fixed asset investment in manufacturing has also declined rapidly (see Figure 4), reaching a record low of 3.06 percent in 2017. Rising distortions in factor markets have led to a continued decline in the competitive advantage of China’s manufacturing sector. The profit growth of industrial enterprises above designated size3 has been sluggish for a long time. Between 2000 and 2020, the profits of China’s large industrial enterprises increased by a factor of nine, while those of real estate enterprises increased by a factor of 190. During this period, even manufacturing companies have increased their investment in real estate operations. According to the data, more than 46% of the 3582 listed A-share companies were involved in real estate investment in 2018.



Rising house prices caused by rapid urbanization have drawn more resources into real estate and related industries. However, productivity is low in these industries, and resources are not allocated to more efficient firms. It is therefore reasonable to believe that part of the problem of slowing productivity growth in China lies in the diseconomies of agglomeration.





3. Econometric Specifications and Data


To gain an intuitive understanding of the basic facts of this paper, we plot binned scatterplots using data on urban population density and the total value of financial penalties issued by regulators to banks5 in prefecture-level cities in China from 2004 to 2019. As shown in Figure 5, the basic fact of this paper is that the higher the population density, the larger the financial penalties for violations (see Figure 5, left), and this positive relationship persists even after controlling for city size (see Figure 5, right).



3.1. Model and Variables


We examine the total effect of density on credit misallocation using a traditional panel data method, namely the two-way fixed effects model. With reference to previous studies on the determinants of capital misallocation [25,47] and taking data availability into account, this article empirically examines the effect of density on credit misallocation by estimating the following equations.


  f i n e _ r e a  l  i ,   t   = α ∗ d e n s i t  y  i , t   +  γ 1  ∗  C  i , t   +  δ i  +  ϵ t  +  ε  i , t    



(1)




where   f i n e _ r e a  l  i ,   t     is the total value of financial penalties issued by regulators to banks, and deflated by Consumer Price Index (CPI),   d e n s i t  y  i , t     is the permanent resident population per unit area, and    δ i   ,    ϵ t    are city fixed effect and year fixed effect.    C  i , t     consists of a series of control variables. Firstly, we introduce population size (lnpop, the population of permanent residents in log) as one of the control variables because the number of banks and the total amount of fines imposed increase with the size of the city. Secondly, previous research shows that local governments have some degree of control over banks in China, allowing them to interfere with bank credit [40,48]. As such, we include the proportion of fiscal expenditure (fiscal, the ratio of fiscal expenditure to GDP). Thirdly, the capital requirements of businesses differ depending on their industry. The credit structure of commercial banks will change as the industrial structure changes. As a result, the industrial structure (IndStr, the ratio of value-added of the tertiary industry to value-added of the secondary industry) is further introduced into the model. Additionally, previous research shows that well-established financial systems allocate capital investment more efficiently than less developed ones [49], so we include financial development (fncdvl, the ratio of total deposit balance to GDP) as an additional control. Finally, we include internet development (Internet, the proportion of Internet broadband subscribers to the resident population). The rapid development of the Internet has facilitated the emergence of new financing channels, such as digital financial inclusion, which has improved access to capital for enterprises [50]. Note that i (i = 1… 285 cities) and t (t = 2004… 2019 years) denote city and year, respectively. All the regressions in this article have city fixed effects and time fixed effects, and the standard errors are clustered at city level.




3.2. Data


The corresponding data are described in detail below.



Our first set of data comes from China Banking and Insurance Regulatory Commission (CBIRC), which has made public all administrative penalties imposed on bank branches since 2004. These data only contain information on penalties imposed on banks, excluding penalties imposed on individuals. Each administrative punishment decision contains the name of the entity being punished and its legal person, the main facts about violations of laws and regulations, the legal provisions on which the punishment is based, the punishment decision, the authority that made the punishment decision, and the date of making the punishment decision.



Firstly, the samples were screened based on the main facts of violations. The samples that were punished due to the illegal issuance or use of loans were selected, including illegal issuance of loans, failure to use the loans according to the agreed purpose, inappropriate “three examinations of loans”7, and inappropriate post-loan management. Next, the total amount of fines for each penalty decision was calculated. Finally, by extracting the banks’ latitude and longitude information, we can pinpoint their cities and sum up fines to the city level to match our second set of data.



The second dataset was obtained from China City Statistical Yearbook, China Statistical Yearbook For Regional Economy, and statistical yearbooks at the provincial and city levels. Due to some missing values, we also referred to other data sources, such as the Wind Economic Database and the CEIC (https://insights.ceicdata.com/node/CN, accessed on 9 June 2022). This dataset provides information for both the independent and control variables.



For robustness testing, endogeneity analysis, mechanism testing, and heterogeneity testing, we also used some other variables in article8, which are described specifically when used. The majority of these variables are also from the second dataset, and a few variables that are not from the second dataset are described in detail later. The descriptive statistics of all variables are shown in Table 1. The correlation coefficient matrix of the variables is shown in Table 2. As can be seen from Table 2, there is no need to worry about the problem of multicollinearity.





4. Empirical Results


In Section 4, we estimate the parameters of the aforementioned regression models using the two-way fixed effects model.



4.1. Benchmark Regression Results


Table 3 shows the benchmark regression results, reflecting the average impact of density on credit misallocation. The results show that the coefficient for density in Column (1) is positive and significant. This contradicts previous research findings. According to some previous studies, higher urban development densities are generally beneficial for productivity gains [51,52]. However, based on our empirical examination of Chinese cities, the findings of this study suggest that the pursuit of higher urban densities may result in efficiency loss.



To test the robustness of our results and obtain more reliable conclusions, we conducted several robustness tests. The first robustness test was to refine the sample. Some studies on regional disparities suggest that there is a statistical difference when municipalities are included and excluded from the samples. We deleted the four direct-administered municipalities from the samples. As shown in Column (2), the impact of density on misallocation was still significant. The municipality factor did not significantly change the results. The second robustness test made use of alternative density indicators. We substitute the population density with the employment density (see column (3) of Table 3) and the normalized cohesion index (see column (4) of Table 3), respectively. The employment density (density2) is the number of employment population9 per unit area. The normalized cohesion index10 (nCohesion10) measures the shape compactness of the urban footprints [53]. Additionally, we controlled for the GDP per capita (see column (5) of Table 3) based on the baseline regression and winsorized all variables at the 1st and 99th percentile (see column (6) of Table 3). As shown in the Table, the basic conclusions are still robust.



It is important to note that, in addition to fines, penalty decisions include the following types: confiscation, prohibition of banking jobs, disqualification, prohibition of doing business, warning, ordering the institution to correct their practices, and disciplinary punishment. However, we did not use these penalties for the alternative of fines as robustness tests. There are two reasons for this: Firstly, the higher the fine, the more serious the violation. Other penalties are qualitative in nature and difficult to quantify, making them unsuitable for use as a quantitative indicator of the severity of the violation. Secondly, most violations are punished with fines, which are supplemented by other penalties such as warnings or disqualification. If no fines are used as explanatory variables and only any of the other penalties are used, there is a risk of quantitative bias, resulting in biased estimation results.




4.2. Endogenous Test


Given the possibility of endogeneity issues, we use the instrumental variable methods to re-estimate the model. The relief degree of the land surface (Rdls) is used as an instrument for density. The relief degree of the land surface is an important factor in the macroscopic description of landforms and is often used as an exogenous variable in economic studies. On the one hand, there is a strong relationship between topographic relief and population density in China; on the other hand, topography is a natural phenomenon that is highly random and exogenous and thus can be considered independent of socio-economic factors. As a result, it is highly predictive of urban agglomeration but uncorrelated with credit misallocation. The data were obtained from http://www.geodoi.ac.cn/WebCn/doi.aspx?Id=887 (accessed on 9 June 2022). The re-estimation results show that the coefficients are significant in both stages, and the Cragg-Donald Wald F statistic is greater than 16.38, indicating that there is no need to be concerned about weak instrumental variables. Table 4 displays the results of the second-stage regression. It demonstrates that the positive relationship between agglomeration and credit misallocation is still robust. To enhance the robustness of the conclusion, we add the average wages of employees in urban units (Salary) as an additional instrumental variable for density. The estimation results show that the coefficients are significant in both stages, and the Cragg-Donald Wald F statistic is greater than 16.38, indicating that weak instrumental variables are not a concern. The results of the second stage regression are shown in Column (2) of Table 4, and the results further demonstrate the robustness of our finding.




4.3. Mechanism Analysis


We then investigated how agglomeration affects credit misallocation. Specifically, we examined whether population density affects credit misallocation through the crowding-out effect brought about by house prices. In this analysis, we replaced the explained variable fine with HsPr_real and Hsinr. HsPr_real represents the average sales price of commercial properties, which is the ratio of sales to the sales area of commercial housing and is deflated by CPI. Hsinr is the ratio of house price to GDP per capita, which is used to reflect the extent to which the level of house price matches the level of residents’ income. Table 5 shows the results of the mechanical tests.



In Table 5, the coefficient of density is positive and significant in Column (1), indicating that urban agglomeration leads to rising housing prices; the coefficient of HsPr_real is positive and significant in Column (2), indicating that high house prices cause the credit misallocation. The mediating effect of the housing price-to-income ratio is broadly similar. The coefficient of density is positive and significant in Column (3), indicating that urban agglomeration leads to a rising housing price-to-income ratio; and the coefficient of Hsinr is positive and significant in Column (4), indicating that high housing price-to-income ratio causes the credit misallocation. By analyzing the administrative penalties imposed by the CBIRC, we found that the banks’ violations do mainly involve the real estate sector and consist of two main types of violations: firstly, help to finance projects related to real estate enterprises for non-compliance with the regulations; and secondly, irregularly granted personal loans actually flowing into real estate, such as inadequate management of business loans and mortgage loans for second-hand properties. This confirms our analysis and warns of the misallocation of credit caused by rising house prices. The conclusion that lowering the cost of congestion in housing can make cities run more efficiently is consistent with Grover’s [13] viewpoint.



Much of the existing research suggests that the issue of land finance cannot be ignored when discussing the issue of house prices in China [54,55]. Land finance refers to the reliance of local governments on revenues from the sale of land use rights to sustain local fiscal expenditures. Under China’s current fiscal system, local governments are heavily dependent on land finance for their revenue, and it is the ‘rational choice’ of local governments to push up property prices in order to obtain higher land revenue. In order to maximize land revenue, local governments try to raise land prices, which will undoubtedly increase the construction costs of real estate developers, thus causing a sharp rise in property prices. Taking this fact into account, this paper uses a sub-sample regression to test the heterogeneous effect of land finance on the intermediate mechanism of this paper, and the regression results are shown in Table 6. The higher a region’s public budget expenditure is, the higher its revenue tends to be, and revenue is mainly derived from land finance. We therefore use the share of local public budget expenditure in GDP (fiscal) to measure the extent to which cities rely on land finance. The samples were divided into two groups based on the median value, and the regression results for samples less than the median value are shown in column (1) of Table 6, and those greater than the median value are shown in column (2) of Table 6. We find that the effect of density on house prices (housing price-to-income ratio) is significantly positive regardless of the level of reliance on land finance. However, the increase in house prices (housing price-to-income ratio) due to increased density is more severe in areas with a high reliance on land finance. As a result, rather than relying on short-term macroeconomic policy, fiscal and taxation reforms must be implemented first in order to construct an effective long-term mechanism for the stable development of the real estate market.




4.4. Heterogeneity Analysis


In this section, we analyze the heterogeneity of impacts from four perspectives, including the city’s economic development, size, manufacturing capacity, and reliance on land finance.



Given China’s wide disparities in regional economic development, the impact of urban agglomeration may also differ by region. Manufacturing industries in developed regions are more productive and may be more tolerant of rising production costs caused by rising house prices. At the same time, developed regions have a higher level of financial development and advantages in terms of the financial sector size, financial factor concentration, and the effectiveness of financial services for the real economy, making it relatively easy to finance manufacturing industries. According to commercial bank nonperforming loan (NPL) statistics for 2019, the five regions with the lowest NPL ratios11 (Beijing, Shanghai, Zhejiang, Jiangsu, and Guangdong) all belonged to developed regions. In comparison to less developed regions, the rise in house prices is less likely to crowd out the manufacturing sector, and the degree of credit misallocation is likely to be lower. Therefore, it is necessary to identify the heterogeneous effects in regions with different levels of economic development. We divided all cities into two groups: eastern cities (region = 1) and other cities (region = 0), and then regressed each group separately. Cities in the eastern region are close to the coastline and are representative of the developed regions, while the other regions are relatively less developed. The results of the regressions, shown in columns (1)–(2) of Table 7, indicate that the effect of density on fines is not significant in the eastern region, while it is significantly positive in the other regions, reflecting the credit allocation advantage of developed regions. It implies that not all cities are suited to compact development. Pursuing compact development in an area with little economic development may result in serious credit misallocation issues.



An urban agglomeration is closely related to city size, which varies across prefecture-level cities in China. To further investigate the relationship between urban agglomeration and credit misallocation, this paper divides the total sample into two sub-samples: first-tier/new first-tier cities (large cities, level = 1) and other cities (small and medium-sized cities, level = 0)12, the results of which are shown in columns (3)–(4) of Table 7. The findings indicate that agglomeration has a significantly negative effect on credit misallocation in large cities, implying that agglomeration in large cities is more efficient and can alleviate the problem of credit misallocation. The effect of population density on credit misallocation is significantly positive for small and medium-sized cities, indicating that credit misallocation caused by increased density occurs primarily in small and medium-sized cities. Yao et al. [56] also discovered the heterogeneous effects for each city type when studying the relationship between agglomeration economies and urban efficiency in China. They found that higher population density and compact urban form benefit the urban economic efficiencies of large cities but not the technical efficiency of small cities. Our results are consistent with this finding.



We mentioned in the mechanism analysis that high house prices crowd out manufacturing, causing capital to flow to low-productivity but high-profit real estate firms, resulting in a misallocation of credit. To further test this hypothesis, we take manufacturing capacity into account and investigate whether the positive relationship between urban agglomeration and credit misallocation is influenced by manufacturing capacity. The path of influence can be further confirmed if urban agglomeration does not lead to credit misallocation in cities with sufficient capacity, whereas it does in cities with insufficient capacity. We divide all cities into two groups based on their manufacturing capacity utilization (Caputilise), sufficient capacity (Caputilise <= 0.90), and insufficient capacity (Caputilise > 0.90), and run regressions for each of the two groups, with the results shown in columns (1)–(2) of Table 8. The results show that the impact is significantly positive for cities with insufficient manufacturing capacity but not significant for cities with sufficient manufacturing capacity, supporting our research hypothesis. This indicates that, in cities with insufficient capacity, encouraging urban compactness inhibits the expansion of land-intensive manufacturing, resulting in misallocation and loss of efficiency.



In Section 4.3, we discussed the moderating effect of land finance on intermediate mechanisms. We discovered that increased density leads to a greater increase in house prices in areas with a high reliance on land finance. Following that, we examine whether heterogeneous effects of land finance on aggregate effects exist, i.e., whether differences in cities’ reliance on land finance result in differences in the externalities of urban agglomeration in terms of credit misallocation. We divide the total sample into two groups, one with a high reliance on land finance and one with a low reliance on land finance, and run regressions on both groups separately. The regression results are shown in Table 8’s columns (3)–(4), and they show that increased density has no effect on credit misallocation in cities with low reliance on land finance, but it has a significant positive effect in cities with high reliance on land finance. This result is consistent with the result in Section 4.3, indicating that high density does not always result in credit misallocation and that misallocation can be avoided when cities reduce their reliance on land finance.





5. Discussion and Conclusions


The majority of empirical research on urban agglomeration externalities is for the developed countries (e.g., USA and Europe), which differ in key aspects from much of the developing world. These countries have high levels of urban economic development and tend to have higher productivity, which likely mitigates agglomeration diseconomies. However, in some developing countries, agglomeration may bring serious negative externalities. Scholars have begun to highlight the variation in the externalities of agglomeration across countries [57,58,59]. Empirical studies from various countries are important for adding nuance to our understanding of cities and economic growth, but they are insufficiently sophisticated. A major knowledge gap has arisen due to the limited understanding of agglomeration externalities in developing countries. Filling this knowledge gap is important as most of the future urban growth is expected to be in developing countries [59].



This research looks at a country with a different economic background than high-productivity and developed economies. In our analysis of the relationship between urban agglomeration and credit misallocation in the 285 cities in China, we find that the various measures of agglomeration correlate positively with credit misallocation. The population density of cities, employment density, and urban compactness are all significantly associated with credit misallocation, even when estimated using instrumental variables. The increase in housing demand caused by agglomeration leads to higher house prices. Banks preferred housing-related loans as a result of the difference in profitability between industries (manufacturing vs. real estate). More capital flowed to low-productivity firms, leading to a misallocation of credit. Moreover, the government’s reliance on land finance resulted in more severe house price inflation and, as a result, a more severe resource misallocation.



However, agglomeration does not necessarily lead to increased credit misallocation, and the impact is heterogeneous for different types of cities. For developed cities (Tier 1/New Tier 1, or eastern cities), cities with sufficient manufacturing capacity or low reliance on land finance, agglomeration does not lead to credit misallocation problems. The results of this study demonstrate the contingent nature of agglomeration externalities and the importance of city characteristics in determining urban agglomeration externalities. In China, manufacturing industries in large cities are more productive and more tolerant of increased production costs than those in smaller cities. Moreover, large cities have higher levels of financial development. As a result, manufacturing in large cities is relatively less negatively affected by rising house prices and is less likely to lead to the misallocation of credit. However, in smaller cities where manufacturing productivity is lower, and high house prices due to agglomeration exert a larger pressure on manufacturing, it is not surprising that increased density leads to a misallocation of credit. This reveals that the impact of agglomeration externalities in countries or regions with different development characteristics needs more research.



Our findings imply that, while encouraging compact development patterns, the government should be wary of the agglomeration costs associated with population clustering. The policy implications are twofold. On the one hand, when increasing urban density, governments should consider the specific characteristics of their cities (e.g., productivity, industry level, institutional context). Not all increases in city density are beneficial, and it would be prudent to tailor the direction and strategy of urban development to the specific characteristics of cities. On the other hand, governments should concentrate on regulatory instruments that reduce volatility. Typically, residential investment and house price cycles tend to lead to credit and business cycles [60,61,62]. Given the importance of house prices and credit dynamics in shaping endogenous boom–bust cycles for the real economy [63], appropriate government interventions and institutional constraints are needed to stabilize this instability and mitigate the harm caused by volatility. Minsky called them “thwarting institutions” in that they thwarted instability [42]. Related research suggests that “Thwarting institutions” (such as housing purchase restrictions and bank supervision) are effective in mitigating credit misallocation [64,65]. However, the Chinese government’s reliance on land finance exacerbates the credit misallocation effect, amplifying volatility. This should serve as a wake-up call to governments in developing countries where urbanization is accelerating.
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Notes


	
1

	

The data shown in Figure 1 are from the National Bureau of Statistics of China Statistical, as are Figure 2 and Figure 3.






	
2

	

It is only since 2012 that foreign-owned financial institutions have been implementing the statistical system for classifying loans by sector. Prior to that, foreign capital was not included in the industrial classification of loan statistics. Furthermore, the earliest available data on loan balances by sector is from 2009.






	
3

	

For more information on the industrial enterprises above the designated size, please visit the website (https://data.stats.gov.cn/easyquery.htm?cn=C01&zb=A0E020U&sj=2021, accessed on 9 June 2022).






	
4

	

Data source: (1) China Statistical Yearbook; (2) Yearbook of the Chinese Investment in Fixed Assets.






	
5

	

Please see Section 3.2 data of this paper for more details about the variables and data.






	
6

	

Notes: Stata’s binScatter command is used for drawing. For a detailed explanation of this command, please refer to Michael Stepner’s (2014) binscatter: Binned Scatterplots in Stata: https://michaelstepner.com/binscatter/binscatter-StataConference2014.pdf (accessed on 27 February 2023). We divide all samples equally into 20 groups according to population density and record the median of population density as x (x1, x2, …, x20), and then calculate the average (y) of fines respectively in each group. Finally, the combination of (x, y) is the corresponding point in the scatter plot.






	
7

	

“Three examinations of loans” is the abbreviation of “investigation before loan, examination during loan, and inspection after loan”.






	
8

	

The following variables will be introduced later in the paper: density2, region, level, Caputilise, Hspr_real, Hsinr, Rdls, nCohesion10, lnpcgdp, Salary.






	
9

	

Persons Employed in Various Units in Districts under City at Year-end.






	
10

	

For a detailed description and calculation of the variable, please refer to Liu and Tian [53].






	
11

	

It should be noted that Tibet has the lowest NPL rate, but it is not included in our regression sample because of the lack of statistics.






	
12

	

Cities are classified into several categories based on their commercial attractiveness. The detailed categories can be found at https://www.yicai.com/news/101063860.html (accessed on 13 June 2022).
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Figure 1. China’s urbanization process1. 
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Figure 2. China’s annual house price trends. 
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Figure 3. China’s real estate value added and construction value added. 
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Figure 4. Growth rate of fixed assets investment in China’s manufacturing4. 
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Figure 5. The relationship between population density and the total value of financial penalties issued by regulators to banks6. 






Figure 5. The relationship between population density and the total value of financial penalties issued by regulators to banks6.



[image: Land 12 00578 g005]







[image: Table] 





Table 1. Descriptive statistics.
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	VarName
	Obs
	Mean
	SD
	Min
	Median
	Max





	fine_real, one thousand CNY
	4560
	11.4980
	52.1431
	0.0000
	0.0000
	1103.0455



	density, people per square kilometer
	4560
	466.0057
	556.7326
	5.0094
	330.1671
	8562.8320



	density2, people per square kilometer
	4560
	45.5948
	137.9822
	0.1567
	13.0782
	2481.1853



	lnpop, one thousand people, in log
	4560
	8.1588
	0.6958
	5.1930
	8.1719
	10.3697



	fiscal
	4560
	0.1687
	0.0963
	0.0118
	0.1453
	1.0268



	IndStr
	4560
	0.9107
	0.4922
	0.0943
	0.8024
	5.1692



	fncdvl
	4560
	1.0470
	0.6522
	0.1180
	0.8960
	20.0959



	Internetuser
	4560
	0.0148
	0.0135
	0.0000
	0.0116
	0.2247



	region
	4560
	0.3053
	0.4606
	1.0000
	0.0000
	4.0000



	level
	4560
	0.0667
	0.2495
	0.0000
	0.0000
	5.0000



	Caputilise
	4560
	0.9288
	0.1265
	0.0000
	0.7400
	1.0000



	HsPr_real, RMB/m2
	4560
	3186.6451
	2463.0754
	50.6809
	2668.3040
	3.75 × 104



	Hsinr
	4560
	133.3829
	66.6207
	1.8319
	120.8291
	912.5823



	Rdls
	4560
	0.6768
	0.7542
	0.0013
	0.3672
	3.8138



	nCohesion10
	4560
	0.9241
	0.0571
	0.3762
	0.9412
	0.9964



	lnpcgdp, one thousand CNY, in log
	4560
	3.1102
	0.7233
	0.6864
	3.1170
	5.1933



	Salary, CNY
	4560
	4.03 × 104
	2.18 × 104
	6207.1100
	3.72 × 104
	1.73 × 105
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Table 2. Correlation coefficient matrix.
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fine_real

	
density

	
density2

	
lnpop

	
fiscal

	
IndStr

	
fncdvl

	
Internetuser




	
fine_real

	
1

	

	

	

	

	

	

	




	
density

	
0.183

	
1

	

	

	

	

	

	




	
density2

	
0.215

	
0.874

	
1

	

	

	

	

	




	
lnpop

	
0.183

	
0.421

	
0.247

	
1

	

	

	

	




	
fiscal

	
0.014

	
−0.243

	
−0.099

	
−0.213

	
1

	

	

	




	
IndStr

	
0.243

	
0.069

	
0.176

	
0.11

	
0.384

	
1

	

	




	
fncdvl

	
0.221

	
0.163

	
0.231

	
0.118

	
0.125

	
0.478

	
1

	




	
Internetuser

	
0.288

	
0.24

	
0.272

	
0.072

	
0.064

	
0.27

	
0.295

	
1




	
region

	
0.091

	
0.36

	
0.238

	
0.29

	
−0.331

	
0.074

	
0.048

	
0.217




	
level

	
−0.217

	
−0.568

	
−0.443

	
−0.706

	
0.383

	
−0.153

	
−0.302

	
−0.292




	
Caputilise

	
−0.069

	
−0.23

	
−0.158

	
−0.198

	
0.204

	
−0.037

	
−0.134

	
−0.169




	
HsPr_real

	
0.413

	
0.648

	
0.728

	
0.312

	
−0.026

	
0.36

	
0.337

	
0.541




	
Hsinr

	
−0.018

	
0.015

	
0.013

	
0.162

	
0.387

	
0.306

	
0.115

	
−0.205




	
Rdls

	
−0.039

	
−0.336

	
−0.155

	
−0.289

	
0.396

	
0.086

	
0.148

	
−0.077




	
nCohesion10

	
0.022

	
0.099

	
0.066

	
0.252

	
−0.094

	
−0.081

	
−0.026

	
−0.04




	
lnpcgdp

	
0.254

	
0.341

	
0.361

	
0.063

	
−0.238

	
0.017

	
0.136

	
0.626




	
Salary

	
0.423

	
0.203

	
0.267

	
0.102

	
0.269

	
0.359

	
0.292

	
0.722




	

	
region

	
level

	
Caputilise

	
HsPr_real

	
Hsinr

	
Rdls

	
nCohesion10

	
lnpcgdp

	
Salary




	
region

	
1

	

	

	

	

	

	

	

	




	
level

	
−0.422

	
1

	

	

	

	

	

	

	




	
Caputilise

	
−0.701

	
0.293

	
1

	

	

	

	

	

	




	
HsPr_real

	
0.369

	
−0.549

	
−0.296

	
1

	

	

	

	

	




	
Hsinr

	
−0.127

	
0.09

	
0.01

	
0.091

	
1

	

	

	

	




	
Rdls

	
−0.558

	
0.289

	
0.114

	
−0.155

	
0.215

	
1

	

	

	




	
nCohesion10

	
0.181

	
−0.211

	
−0.24

	
0.059

	
−0.031

	
−0.013

	
1

	

	




	
lnpcgdp

	
0.354

	
−0.464

	
−0.252

	
0.599

	
−0.606

	
−0.234

	
0.054

	
1

	




	
Salary

	
0.096

	
−0.218

	
−0.11

	
0.614

	
−0.177

	
0.001

	
−0.039

	
0.681

	
1
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Table 3. Benchmark regression results: impact of density on credit misallocation.
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(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	
Benchmark

	
Robust1

	
Robust2

	
Robust3

	
Robust4

	
Robust5






	
density

	
0.0617 *

	
0.0601 *

	

	

	
0.0617 *

	
0.0888 ***




	
(1.80)

	
(1.85)

	

	

	
(1.80)

	
(4.29)




	
density2

	

	

	
0.0826 **

	

	

	




	

	

	
(2.09)

	

	

	




	
nCohesion10

	

	

	

	
79.46 **

	

	




	

	

	

	
(2.07)

	

	




	
lnpop

	
60.32 ***

	
58.90 ***

	
81.80 ***

	
97.06 ***

	
59.96 **

	
17.26 *




	
(2.64)

	
(2.66)

	
(3.23)

	
(3.62)

	
(2.47)

	
(1.80)




	
fiscal

	
−59.36 ***

	
−42.36 ***

	
−56.65 ***

	
−59.69 ***

	
−59.79 ***

	
−42.96 ***




	
(−2.93)

	
(−2.91)

	
(−2.85)

	
(−2.89)

	
(−2.91)

	
(−3.49)




	
IndStr

	
7.572

	
−4.054

	
8.730

	
9.850

	
7.390

	
−2.875




	
(0.72)

	
(−0.92)

	
(0.84)

	
(0.91)

	
(0.64)

	
(−0.81)




	
fncdvl

	
−3.318 **

	
−3.672 *

	
−3.298 **

	
−3.161 **

	
−3.357 **

	
−6.028 ***




	
(−2.11)

	
(−1.94)

	
(−2.14)

	
(−2.08)

	
(−2.10)

	
(−2.81)




	
Internetuser

	
−337.5 **

	
−147.3

	
−348.7 **

	
−378.4 ***

	
−338.0 **

	
−183.9




	
(−2.41)

	
(−1.24)

	
(−2.49)

	
(−2.64)

	
(−2.42)

	
(−1.56)




	
lnpcgdp

	

	

	

	

	
−0.854

	
−4.768




	

	

	

	

	
(−0.09)

	
(−1.14)




	
_cons

	
−511.1 ***

	
−489.9 ***

	
−662.6 ***

	
−858.3 ***

	
−505.9 **

	
−152.7 *




	
(−2.83)

	
(−2.80)

	
(−3.24)

	
(−3.64)

	
(−2.46)

	
(−1.91)




	
Adj R-squared

	
0.2169

	
0.2175

	
0.2106

	
0.2048

	
0.2168

	
0.3525




	
N

	
4560

	
4496

	
4560

	
4560

	
4560

	
4560








Notes: t statistics are in parentheses. *, **, and *** represents p < 0.1, p < 0.05, and p < 0.01, respectively. For a concise presentation, the coefficients for the year dummies are excluded from the tables.
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Table 4. IV estimates of the effects of density on credit misallocation.
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(1)

	
(2)




	
Rdls

	
Salary






	
density

	
0.3688 *

	
0.8292 **




	
(1.7999)

	
(2.0554)




	
lnpop

	
−126.8303

	
−407.4840 *




	
(−1.1832)

	
(−1.9459)




	
fiscal

	
−54.7023 *

	
−47.7222




	
(−1.9224)

	
(−0.8943)




	
IndStr

	
−2.8232

	
−18.4115




	
(−0.2142)

	
(−1.1548)




	
fncdvl

	
−3.2344

	
−3.1094




	
(−1.2751)

	
(−0.6424)




	
Internetuser

	
−117.4835

	
212.4786




	
(−0.6026)

	
(0.8313)




	
year

	
Yes

	
Yes




	
N

	
4560

	
4560








Notes: z statistics are in parentheses. * and ** represents p < 0.1 and p < 0.05, respectively. For concise presentation, the first-stage regressions are not shown in the table, and the coefficients for the year dummies are excluded from the tables.
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Table 5. Mechanism tests: impact of density on credit misallocation.
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(1)

	
(2)

	
(3)

	
(4)




	
Density of House Price

	
House Price on Fine

	
Density of Housing Price-to-Income Ratio

	
Housing Price-to-Income Ratio on Fine






	
density

	
6.349 ***

	
−0.0176

	
0.0423 ***

	
0.0596 *




	
(15.52)

	
(−0.43)

	
(4.27)

	
(1.76)




	
HsPr_real

	

	
0.0125 ***

	

	




	

	
(3.06)

	

	




	
Hsinr

	

	

	

	
0.0491 *




	

	

	

	
(1.93)




	
lnpop

	
911.6 *

	
48.93 **

	
39.93 ***

	
58.36 **




	
(1.68)

	
(2.11)

	
(3.01)

	
(2.55)




	
fiscal

	
−904.5 **

	
−48.05 ***

	
31.42

	
−60.90 ***




	
(−2.26)

	
(−2.95)

	
(1.22)

	
(−2.92)




	
IndStr

	
371.8

	
2.926

	
27.28 ***

	
6.232




	
(1.42)

	
(0.40)

	
(4.71)

	
(0.60)




	
fncdvl

	
−21.43

	
−3.050 *

	
4.274 **

	
−3.528 **




	
(−0.51)

	
(−1.66)

	
(2.40)

	
(−2.18)




	
Internetuser

	
4238.1

	
−390.5 ***

	
165.1 **

	
−345.6 **




	
(0.93)

	
(−2.92)

	
(2.07)

	
(−2.45)




	
_cons

	
−8817.4 *

	
−400.9 **

	
−218.4 **

	
−500.4 ***




	
(−1.96)

	
(−2.17)

	
(−2.08)

	
(−2.77)




	
Adj R-squared

	
0.7230

	
0.2542

	
0.1730

	
0.2178




	
N

	
4560

	
4560

	
4560

	
4560








Notes: t statistics are in parentheses. *, **, and *** represents p < 0.1, p < 0.05, and p < 0.01, respectively. For a concise presentation, the coefficients for the year dummies are excluded from the tables.
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Table 6. Heterogeneous intermediary effects: impact of density on fine.
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(1)

	
(2)

	
(3)

	
(4)




	
Low Dependence

	
High Dependence

	
Low Dependence

	
High Dependence






	
density

	
3.940 ***

	
10.00 ***

	
0.0331 ***

	
0.0922 **




	
(8.25)

	
(4.53)

	
(2.85)

	
(2.54)




	
lnpop

	
427.1

	
1866.4 *

	
14.26

	
14.01




	
(0.75)

	
(1.77)

	
(1.19)

	
(0.42)




	
fiscal

	

	

	

	




	
IndStr

	
542.3

	
413.1

	
29.92 ***

	
27.65 ***




	
(1.50)

	
(1.47)

	
(5.29)

	
(3.45)




	
fncdvl

	
114.9

	
−42.55

	
6.378 *

	
4.072 **




	
(1.05)

	
(−1.50)

	
(1.68)

	
(2.24)




	
Internetuser

	
15,700.9 *

	
−2809.7

	
143.9

	
31.86




	
(1.82)

	
(−1.06)

	
(1.04)

	
(0.36)




	
_cons

	
−4476.0

	
−17301.3 **

	
−39.06

	
52.23




	
(−0.96)

	
(−2.00)

	
(−0.40)

	
(0.20)




	
Adj R-squared

	
0.7430

	
0.6030

	
0.1396

	
0.2055




	
N

	
2280

	
2280

	
2280

	
2280








Notes: t statistics are in parentheses. *, **, and *** represents p < 0.1, p < 0.05, and p < 0.01, respectively. For concise presentation, the coefficients for the year dummies are excluded from the tables.
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Table 7. Heterogeneous effects: impact of density on credit misallocation.
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(1)

	
(2)

	
(3)

	
(4)




	
Eastern China

	
Other Regions

	
First Tier Cities

	
Other Cities






	
density

	
0.0337

	
0.251 ***

	
−0.0426 *

	
0.131 *




	
(1.58)

	
(3.58)

	
(−1.85)

	
(1.90)




	
lnpop

	
28.02

	
15.15

	
166.2

	
3.257




	
(0.33)

	
(1.04)

	
(0.88)

	
(0.29)




	
fiscal

	
−452.5 ***

	
−19.84

	
337.7

	
−29.18 **




	
(−2.94)

	
(−1.57)

	
(1.36)

	
(−2.38)




	
IndStr

	
46.37

	
−2.075

	
144.5 ***

	
−7.866 **




	
(1.19)

	
(−0.68)

	
(3.18)

	
(−2.14)




	
fncdvl

	
3.667

	
−2.128 *

	
25.11

	
−2.444 *




	
(0.29)

	
(−1.75)

	
(0.75)

	
(−1.68)




	
Internetuser

	
−439.4 **

	
−253.6 **

	
−58.07

	
−119.1




	
(−2.19)

	
(−1.98)

	
(−0.15)

	
(−1.40)




	
_cons

	
−256.8

	
−193.5

	
−1666.4

	
−63.51




	
(−0.38)

	
(−1.62)

	
(−1.00)

	
(−0.81)




	
Adj R-squared

	
0.3081

	
0.2012

	
0.5510

	
0.2128




	
N

	
1392

	
3168

	
304

	
4256








Notes: t statistics are in parentheses. *, **, and *** represents p < 0.1, p < 0.05, and p < 0.01, respectively. For concise presentation, the coefficients for the year dummies are excluded from the tables.
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Table 8. Heterogeneous effects: impact of density on fine.
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(1)

	
(2)

	
(3)

	
(4)




	
Sufficient Capacity

	
Insufficient Capacity

	
Low Dependence

	
High Dependence






	
density

	
0.0371

	
0.271 ***

	
0.0442

	
0.216 **




	
(1.47)

	
(4.85)

	
(1.26)

	
(2.56)




	
lnpop

	
110.5 *

	
22.60

	
1.199

	
33.23




	
(1.68)

	
(1.37)

	
(0.03)

	
(1.11)




	
fiscal

	
−149.7 **

	
−11.00

	

	




	
(−2.25)

	
(−1.02)

	

	




	
IndStr

	
21.75

	
−9.923 **

	
30.85 *

	
6.489




	
(0.88)

	
(−2.19)

	
(1.89)

	
(0.47)




	
fncdvl

	
−2.078

	
−5.766 **

	
0.0515

	
−2.426




	
(−0.91)

	
(−2.03)

	
(0.01)

	
(−1.23)




	
Internetuser

	
−328.0 **

	
−241.0 *

	
−167.7

	
−451.9 ***




	
(−2.07)

	
(−1.88)

	
(−0.67)

	
(−2.65)




	
_cons

	
−919.6 *

	
−271.0 **

	
−54.98

	
−338.1




	
(−1.71)

	
(−2.00)

	
(−0.20)

	
(−1.37)




	
Adj R-squared

	
0.2127

	
0.2881

	
0.2789

	
0.1859




	
N

	
1850

	
2710

	
2280

	
2280








Notes: t statistics are in parentheses. *, **, and *** represents p < 0.1, p < 0.05, and p < 0.01, respectively. For a concise presentation, the coefficients for the year dummies are excluded from the tables.
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