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Abstract

:

Correlation networks and risk spillovers within financial institutions contribute to the generation and dissemination of systemic risk. In this paper, a risk correlation network is constructed among Chinese banks employing the maximum entropy method, which simulates the individual risks of banks in the presence of exogenous shocks, the contagious risks, and total systemic risk through the effect of network spillovers, and analyzes its influencing factors. The results show that there is an increasingly rising trend in the overall systemic risk of China’s banking industry, and that the value of systemic risk is relatively large. From the perspective of the composition of banking systemic risk, individual risk accounts for a large proportion, about 70%, which is the main source of banking systemic risk, among which China’s state-owned commercial banks are the largest source. The contagious risk of banks accounts for about 30%. Furthermore, the contagious risk contribution of various banks is basically negatively correlated with their scale. The smallest urban commercial bank in the banking industry contributes at least 50% of the contagion risk, while the state-owned commercial bank, which accounts for about 40% of the total assets of the banking industry, only contributes less than 30% of the contagion risk.
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1. Introduction


In the financial system, a variety of financial institutions are related to each other through direct channels (business linkage) or indirect channels (the same asset holdings). On the one hand, the occurrence of risk events may affect multiple financial institutions at the same time, leading to multiple risk outbreaks. On the other hand, the risks of a single financial institution may also spread to other financial institutions through the interconnection between financial institutions. Risks spread in the network formed by financial institutions, causing harm to the financial system and even the real economy. In the 2008 financial crisis, consecutive defaults by foreign financial institutions caused serious systemic risks, which led to a setback in the global economy. This is why the modeling of systemic financial risks, especially the modeling of the systemic risks of the banking industry, is of great importance in correctly understanding and preventing risks.



For the measurement of systemic risk in banks, there are many mature and widely used methods currently in the academic community, such as CoVaR [1,2], the TENET model, which was developed from CoVaR [1], MES [3], SRISK [4], and the spillover index model based on the VAR method [5,6,7], which are widely used in extensive empirical transnational studies [7,8,9,10,11]. It is inevitable that there are some limitations to these studies. Firstly, those models are generally based on a reduced-form statistical structure that lacks a clear statement of the modeling mechanism. This type of approach typically treats the entire market as a portfolio of financial institutions and determines the institution’s level of risk contribution based on financial market data. In this case, risk is generated exogenously, and it is not taken into account since the loss caused by the shock is greater than the bank’s capital buffer. In terms of risk contagion, some models established the correlation matrix between institutions without considering the inherent logic. For example, before constructing a correlation matrix by variance decomposition, Diebold and Yilmaz [5] assumed that correlation generally existed among individuals ex ante, but did not gave us a definite mechanism. Thus, the validity of their models was weakened by these factors. In addition, the data used by such methods were relevant for large listed financial institutions [11,12,13]. However, studies have identified complex links between financial institutions, and smaller financial institutions may also have a greater risk of infectivity; systemic risks may also have different characteristics for different types of financial institutions [14]. Therefore, while examining large financial institutions, it is also very important to effectively analyze the risks of small- and medium-sized financial institutions. On the other hand, most of the aforementioned methods conduct an analysis on the basis of market data, and the accuracy and credibility of the results depend on the effectiveness of the securities market [15]. However, in developing countries such as China, the securities market is not highly effective [16]. Internal information, policy intervention, and other factors easily lead to the distortion of securities price, yield and volatility, which weakens the rationality of the aforementioned methods in measuring systemic financial risk in emerging market countries.



In recent years, the continuously developing network model methods provide new research perspectives on bank systemic financial risk [17,18]. Overall, the network model method mainly analyzes the risk contagion between financial institutions based on the economic relations between financial institutions. By constructing a correlation network between financial institutions, we can simulate the infection process of the risk when the risk occurs, and accordingly explore the systematic importance of financial institutions in addition to the factors affecting the systemic risk contribution of financial institutions. In the network model method, a correlation network model for direct association based on bank business data is somewhat mainstream in the literature. Benoit et al. [14] reviewed a systematically quantified network model. Different network models exist with different transmission channels. Studies can be divided into four categories. First, a correlation network model for direct association formed by inter-bank lending or payment and settlement business, which mainly captures the risk infection caused by the default cascade of bank bankruptcy. Second, a correlation network model for indirect association formed by banks holding the same or similar assets to form a common risk exposure, which focuses on the risk infection caused by banks’ “deleveraging”, namely selling liquid assets. Third, generate a correlation network referring to the complex network theory, then construct a scale-free network, random network, small-world network, etc., which has some structure characteristics of the real bank association network, and then simulate to analyze how different network structures and key parameters affect the inter-bank risk infection and systemic risk level. Fourthly, based on financial market data, such as the stock price of financial institutions, an association network of financial institutions is first constructed through a binary Granger causality test, generalized variance decomposition, LASSO quantile regression, and TENET methods, and then, the complex network analysis method is adopted to measure the relationship and systemic risk level of financial institutions.



This paper was mainly based on the literature of correlation network models for direct association. There are two reasons to apply a correlation network model for direct association. Firstly, compared with other models, correlation network models for direct association can better describe reality based on real banking business data. Secondly, it is valuable to study the shadow banking business formed by China’s banking industry based on inter-bank business, and this model can reflect the different risk between small banks and large banks. Furthermore, this paper draws on the idea of Zedda and Cannas [19] to decompose bank systemic risk into individual risk and infectious risk, applied the method of De Lisa et al. [20] to calculate the loss probability distribution of the banking system, and uses the maximum entropy algorithm to obtain a network model of bank assets and liabilities to describe its transmission mechanism. Compared with the above methods which need to use securities market data, this method just relies on a balance sheet. This means that it can realize the measure of systemic financial risk in non-listed small- and medium-sized banks, and overcome the limitations of the aforementioned quantitative methods based on market data. We also conducted numerical simulations using Chinese examples and then analyzed the proportion of infectious risk in systemic financial risk in addition to the degree of systemic financial risk contribution of different types of banks in the Chinese banking industry. There are many empirical studies using transnational data. Earlier ones, such as Frankel and Rose [21], were modeled with unit probabilities and maximum likelihood estimates; an analysis of 22 years of economic data from 105 developing countries yielded the relationship between currency devaluation and the currency crisis. Recent ones, such as Corsi et al. [22], used the Granger causal test to identify the risk contagion network between 33 global systemically important banks and 36 sovereign debts and analyzed the risk contagion during the European sovereign debt crisis. The reason for choosing Chinese examples is because China is a primarily banking financial structure, with a large number of small- and medium-sized banks, which can provide a rich data source for research. Moreover, using data from a single country can avoid the problem of biased results when the use of transnational data is susceptible to differences in political system, the degree of markets, and the degree of the development of capital markets in different countries. This research enriches the existing systemic risk measurement method literature, provides more empirical evidence to better identify the risk infection effect of different types of financial institutions in systemic financial risk, helps to further build and improve the risk prevention mechanisms of different types of banks, and provides a reference for maintaining the stability and security of the financial market.




2. The Measurement Model of Bank Systemic Risk


There are many network models of financial systemic risks. For most kinds of network model methods there are two key points in their application. One is the construction of an inter-bank network, and the other is the risk contagion mechanism between banks. The construction method of an inter-bank network and the risk transmission mechanism is explained in the following sections.



2.1. The Construction of an Inter-Bank Asset Liability Network


Many scholars are trying to explain the relationship between the inter-bank market and financial risk contagion, but detailed data on bilateral exposures between banks are not available. To solve this problem there are roughly two approaches. One is to focus on only a small part of the market where detailed bilateral exposure data are available [23], but this method only represents a small part of inter-bank risk. The other approach takes the whole inter-bank market into consideration. However, because detailed bilateral exposure data are not available, this method must assume that the inter-bank network complies with certain assumptions. In order to build a network between banks, Anand et al. [17] proposed a minimum density method while Gandy and Veraart [18] proposed a Bayesian method to estimate inter-bank networks, but these methods estimate more optional parameters and are flexible, such that it is difficult to determine the specific values of parameters. Therefore, most studies still employ maximum entropy estimates. The basic idea of the maximum entropy method is to adopt a probability distribution that fits this information but has the maximum entropy (the random variable is the most uncertain at the maximum entropy) when mastering only some information about the unknown part. That is, its advantage is that it does not rely on parametric assumptions, only on the total data of a bank’s inter-bank assets and liabilities. A small demand for information makes it able to be used in unlisted commercial banks [24,25,26]. In the analysis of this paper, we examine the infectious risks of numerous small- and medium-sized financial institutions; since these interbank specific loan data are not available, it is optimal to adopt maximum entropy methods to estimate the simulated inter-bank networks. As a result, based on the aggregated inter-bank asset and liability data, this paper uses the maximum entropy method to estimate the adjacency matrix of the inter-bank network [27]. The maximum entropy method only requires a bank’s inter-bank asset and liability data; thus, the amount of information required is relatively small and can be applied to unlisted commercial banks. Besides, its pre-assumptions are more reasonable. The basic idea of the maximum entropy method is to use the probability distribution that conforms to the information but has the largest entropy when only some information about the unknown part is mastered (the random variable is the most uncertain when the entropy is the largest. The specific ideas are as follows.



Suppose there are n banks in the network. Since the data usually obtained cannot cover all banks in the system, the total value of inter-bank assets in the sample may not be the same as that of inter-bank liabilities. In order to solve this problem, this paper assumes the remaining banks in the banking system into the banking network as a whole, the virtual bank. The total assets and total capital data of the virtual bank can be obtained by subtracting the total assets and total capital of the sample bank from the total assets and total capital of the banking industry. The data of the virtual bank’s inter-bank assets and inter-bank liabilities can be assumed to be equal to the average proportion of the inter-bank assets and inter-bank liabilities of the sample banks in the total assets of the bank. The inter-bank asset–liability matrix is  X :


  X =        x  11      ⋯   ⋯   ⋯     x  1 n        ⋮   ⋱   ⋱   ⋱   ⋮     ⋮   ⋱     x  i j      ⋱   ⋮     ⋮   ⋱   ⋱   ⋱   ⋮       x  n 1      ⋯   ⋯   ⋯     x  n n          



(1)







In matrix  X , element    x  i j     represents bank’s loan to bank j. For bank i, its inter-bank assets are    a i  =  ∑ j   x  i j     and its inter-bank liabilities are    l i  =  ∑ j   x  j i    . The total inter-bank assets in the inter-bank network are   A =  ∑ i   a i    and the total inter-bank liabilities are   L =  ∑ i   l i   . Since the data currently known for each bank i are only    a i    and    l i   , it is impossible to determine    x  i j    . Assuming that    a i    and    l i    are the realized values of a certain distribution, respectively ( a  and  l  can be standardized), based on the principle of maximum entropy there should be    x  i j    =   a i   ×   l i   . However, it is conceivable that the diagonal of the matrix calculated in this way is non-zero, which means that each bank has a lending relationship with itself. However, this condition is obviously not in line with reality. For this we construct a virtual matrix,    X *   . The elements    x  i j  *    in matrix    X *    need to satisfy:


   x  i j  *  =       0 ,   i = j        a i   l j  , i ≠ j        



(2)







Nevertheless, because the sum of the elements in matrix    X *    after processing does not satisfy the constraint condition of    ∑ i   x  i j  *  =  a i   ,    ∑ j   x  j i  *  =  l i   ,    X *    is not the final matrix. Therefore, it is also necessary to find a matrix that is as close to    X *    as possible while satisfying the aforementioned constraints. That is, for element    x  i j     in the matrix, the cross-entropy of the two matrices can be found when    ∑ i   x  i j   =  a i    and    ∑ j   x  j i   =  l i    are satisfied:


  H =  ∑ i   ∑ j   x  i j   ln (     x  i j      x  i j  *     )  



(3)







Using the RAS algorithm [28], the unique solution of the matrix can be obtained, and an inter-bank asset liability matrix can then be obtained.




2.2. Inter-Bank Risk Contagion Mechanism


This paper applied the model of Zedda and Cannas [19] to decompose a bank’s systemic risk into individual risk and contagious risk. Individual risk refers to the losses suffered by individual banks, while contagious risk refers to the losses caused to other banks due to the outward spillover of a bank’s risks. The measurement of risk is based on the SYMBOL model (systemic model for banking originated losses) of the loss probability distribution of the banking system proposed by De Lisa et al. [20]. The SYMBOL model only needs information about a bank’s balance sheet to determine whether a bank goes bankrupt when hit. The specific method is divided into three steps: First, the implied default rate of the credit assets of each bank is estimated through the internal rating function of the Basel FIRB (the foundation internal-ratings-based approach). Then, the loss of banks in the system under an external impact is simulated based on the implied default rate. Finally, a bank’s losses under an external impact are compared to its capital to determine whether the bank is bankrupt. Thus, the model only relies on the information of a balance sheet in its calculation; therefore, it can also be used to measure the systemic risk of unlisted commercial banks. Using the SYMBOL model first requires the estimation of the implied average credit asset default rate of each bank,      P D  ^  i   , which is the weighted average of the default rates of all k types of the credit assets of bank i.      P D  ^  i    can be calculated by using the inverse function of FIRB. The foundation internal-ratings-based approach (the so-called FIRB) came from the regulatory framework of the Basel Committee on Banking Supervision. In the standard FIRB risk assets can have different types. However, for reasons of data availability, when actually constructing the network model and applying the FIRB function, this paper uses the total assets and total liabilities of a bank, and does not subdivide the assets.



For commercial bank i, the FIRB gives the required amount of capital,   C  R i   , for a single risk asset, k:


      C  R i    P  D  i k   , L G  D  i k   ,  M  i k   ,  S  i k           =   L G  D  i k   × N          1  1 − R   P  D  i k   ,  S  i k          N  − 1     P  D  i k           +     R   P  D  i k   ,  S  i k       1 − R   P  D  i k   ,  S  i k          N  − 1     0.999         − P  D  i k   × L G  D  i k           ×   1 +    M  i k   − 2.5   × B   P  D  i k       ×   ( 1 − 1.5 × B   P  D  i k     )   − 1   × 1.06      



(4)







  P  D  i k     is the estimated value of the default rate of the k-th asset of bank i,   L G  D  i k     is the default loss rate of the same asset,    M  i k     is the remaining maturity,    S  i k     is the size of the lender, and   B   P  D  i k       and   R   P  D  i k   ,  S  i k       are the given functions, as follows:


  B   P  D  i k     =     0.11852 − 0.05478 ln   P  D  i k        2   



(5)






      R   P  D  i k   ,  S  i k         = 0.12 ×   1 −  e  − 50 P  D  i k       1 −  e  − 50     + 0.24 ×   1 −   1 −  e  − 50 P  D  i k       1 −  e  − 50               − 0.04 ×      S  i k   − 5   45          



(6)







For commercial bank i, its minimum capital requires:


   K i  =  ∑ k  C  R  i k     P  D  i k   , L G  D  i k   ,  M  i k   ,  S  i k     ,   k = 1 , 2 , … , k  



(7)







Since the detailed loans of each bank are not available, the default loss rate,   L G D  , term,  M , and scale,  S , are further taken as the standard values:   L G D = 0.45 ,   M = 2.5 , S = 50  . Therefore, a value,   P  D i   , exists to make    K i  = C  R i  (     P D  ^  i  ; L G D = 0.45 , M = 2.5 , S = 50  ) ×  ∑ k   A  i k    .    K i    can be obtained from bank balance sheet data (8% of risk-weighted assets).      P D  ^  i    can be obtained by solving the inverse function of the FIRB.



After obtaining the implied default rate,      P D  ^  i   , the second step of the SYMBOL model is to use the implied default rate to simulate the impact of each bank in the system for a Monte Carlo simulation, and assume that the losses caused by the impact on each bank have a certain correlation because there are direct and indirect loan relations among different banks, others will be affected by one bank going bankrupt), which simulates the systematic impact to a certain extent. For each simulation, j, the impact,    L  i j    , of bank i in the j-th simulation can be calculated according to the FIRB:


       L  i j      z  i j   ,    P D  ^  i        =   0.45 × N          1  1 − R      P D  ^  i  , 50      N  − 1        P D  ^  i              +     R      P D  ^  i  , 50     1 − R      P D  ^  i  , 50        N  − 1      z  i j           − 0.45    P D  ^  i              ×     1 − 1.5 × B      P D  ^  i        − 1   × 1.06      



(8)







   z  i j   ~ N   0 , 1     ∀ i , j   are inter-related random shocks, where i and j represent two banks in the system.



Since banks use their own capital to absorb losses, the third step of the SYMBOL model is to compare whether the losses suffered by each bank,    L  i j    , are greater than their total capital,   T  C i   . If they are greater, the bank fails, the failed bank cannot repay it, and the risk is then transmitted to the relevant banks. It is also necessary to determine whether contagious banks fail. If they do, the risk contagion process will continue until no bank in the system fails or all banks have failed. In the process of bank bankruptcy, defaulting and causing risk contagion, it is also necessary to set the default loss rate after bankruptcy default. By combining the settings of Upper and Worms [10], Lelyveld and Liedorp [9], this study takes the default loss rate as the median value, 70%. At the same time, because the probability of systemic financial risks is relatively small for the entire banking system, this article will mainly examine the tail events with large total losses in the banking system in a Monte Carlo simulation while only considering the expected loss in a certain confidence level.



Let  L  be the expected loss of the system when the confidence is p;    L   h      is the expected loss of the system after removing bank h. The difference of   L −  L   h      consists of two parts [19]:


  L −  L   h    =  L h  + S y  s h   



(9)







   L h    is the tail expectation when bank h is impacted, that is, the individual risk of bank h;   S y  s h    represents the part that increases the expected loss of other banks in the system when bank h is connected to the system, which is the contagious risk of bank h.



The value of   S y  s h    may be positive or negative. When a negative value appears, it means that the bank has a barrier effect on risk. Since the sum of   ∑  L h    and    ∑  S y  s h    is not equal to the overall system risk, in order to better represent the composition relationship of the various parts of the systemic risk we refer to the practice of Huang et al. [29] and adjust   S y  s h    as follows:


  S y  s h *  = S y  s h  ×   L − ∑  L h    ∑ S y  s h     



(10)







Then, we define the systemic risk contribution of bank h as:


  L O  O h  =  L h  + S y  s h *   



(11)









3. Bank Systemic Risk Simulation


We selected Chinese commercial banks for a simulation from 2013 to 2018. Due to different data missing conditions for each year, the number of banks participating in the simulation is also different for each year, with a maximum of 129 and a minimum of 102; the total number of banks involved is 158. See Table A1. in the appendix for the catalogue of bank names. The proportion of the total assets of the selected bank samples to the total assets of the banking industry each year is listed in Table 1. It can be seen that the total assets of the selected banks account for more than 60% of the total assets of the banking industry each year, and that most of them are around 70%. Therefore, it should be a good representation of the country’s banking system. For the systemic risk of each bank every year a Monte Carlo simulation was carried out 100,000 times, and the tail expectation at a confidence level of 99% is used for calculation, that is, the average value of the worst 1000 times is taken as each bank’s systemic risk. The data used in the simulation include total bank assets, risk-weighted assets, capital, inter-bank assets, and inter-bank liabilities. The data are from the Cathay Pacific database, BankFocus, the EPS database, and some commercial bank annual reports.



Table 2 shows the ratio of the total assets of state-owned banks, joint-stock banks, and city commercial banks from 2013 to 2018. Table 2 shows that the total assets of state-owned banks accounted for about 60%, that the total assets of joint-stock banks accounted for between 20% and 30%, and that the total assets of city commercial banks have been stably between 12% and 15%.



The system risk of China’s banking system from 2013 to 2018 simulated in this paper is shown in Figure 1. It can be seen that the systemic risks of China’s commercial banks are on the rise from 2013 to 2018, and that the absolute value of the expected loss of the banking system has increased year by year. The plot line in Figure 1 represents the ratio of the banking system’s expected loss to its total assets. Additionally, it is easily seen that the bank systemic risk ratio was the lowest in 2016, which might be related to the “deleveraging” policy introduced by the Chinese government in 2016. This will be discussed in a later section.



Figure 2 shows the proportion of contagious risks to the total risk of the banking system in each year. It can be seen that from 2013 to 2018 the proportion of contagious risks in banking system risks was relatively stable. About 30% of bank systemic risks were contributed by contagious risks, and the proportion of contagious risks increased after 2016. The contagious risks in the inter-bank network cannot be ignored.



Then, we classified banks into urban commercial banks, national joint-stock commercial banks, and state-owned commercial banks, and further analyzed the contribution of different types of banks to systemic risks. It can be seen from Figure 3 that from 2013 to 2018, although the asset size of urban commercial banks (UCBs) was relatively small compared with the entire banking industry, the contagious risk contributed by it accounted for the largest proportion of the total contagious risk. Although urban commercial banks are small in scale, their contagious risks cannot be ignored. The relatively large-scale joint-stock commercial banks had the lowest risk of contagion. The largest state-owned commercial banks have a total asset size equivalent to about 40% of the total assets of the banking industry. However, its contagious risk contribution is less than 30% of the overall contagious risk.



Under the extreme circumstances of financial risks, such as bank failure, relatively large joint-stock commercial banks (JSCB) and state-owned commercial banks (SOCB) will become a risk barrier, which will prevent the continuous infection of risks among banks to a great extent and avoid a major crisis in the banking system. This is especially the case for state-owned commercial banks: their total scale is more than twice that of joint-stock commercial banks, but their contagious risk contribution is not twice that of joint-stock commercial banks. For urban commercial banks, due to their relatively small scale, their resistance to risks is also relatively weak. Once extreme risks occur, they are likely to lead to the collapse of urban commercial banks and continue to transfer this risk to the banking network. If urban commercial banks are also affected by risk, due to their own vulnerability, they may become a new source of risk transmission, forming a chain or network transmission of risk. For individual risks, the individual risk contributions of different types of banks are also different. It can be seen from Figure 4 that the individual risk contribution of urban commercial banks is the smallest, while joint-stock banks are slightly larger and the individual risk contribution of state-owned commercial banks is the highest. The appearance of this phenomenon is related to the scale of various banks. Individual risk describes the losses of a single bank when it is impacted. Therefore, the larger the bank the higher its individual risk.



Figure 5 shows the contribution of various banks to the banking system risk in each year. From this chart we can see that although state-owned commercial banks made the greatest contribution to banking system risk, since 2015 their systemic risk contribution declined relatively. The systemic risk contribution of urban commercial banks was only second to state-owned commercial banks, reaching about 30%. Joint-stock commercial banks had the lowest contribution to systemic risk.




4. Further Discussion


4.1. Robustness Check


The basis of this model is the concept of unexpected loss in Basel II, in which the tail event probability (probability of an extreme default event) is the key parameter. To test the robustness of our conclusions, another two different tail event probabilities, namely 0.1% and 0.01%, besides the 1% above, were selected to investigate the systemic financial risk at different crisis severities. The confidence of the above tail event probabilities is 99%, 99.9%, and 99.99%, respectively. As shown in Figure 6, by comparing its density distribution maps, the results with different confidence remained robust.



As shown in Figure 7, the overall systemic financial risk of China’s banking industry rose year by year, and the results based on different confidence are still robust, among which the expected loss at 99% confidence increased from 1689.3 billion yuan in 2013 to 2977.4 billion yuan in 2018, while the expected loss at 99.99% confidence rose from 7376.6 billion yuan in 2013 to 14,182.9 billion yuan in 2018. In 2016, systemic risk expected losses at tails in the banking sector with 99% confidence increased as high as 18.7%. This fully demonstrates that systemic financial risk in China’s banking industry is building up.



Moreover, the interbank network correlation matrix is calculated by the maximum entropy method; the contagion risk depends on the network structure. Therefore, we should check the robustness of the maximum entropy method. Following Paltalidis et al. [30], we estimated the normalized total contagious risk of one bank spilling over to all others and the normalized total interbank business which is the actual bilateral exposures by using the maximum entropy method and comparing the results to check the reliability of the research results. Figure 8 shows the results: the dotted line represents the estimated average contagion risk while the full line represents the average actual bilateral exposures. Additionally, the values are highly correlated, which means that our results are close to reality. Therefore, applying the method of a maximum-entropy-based network is reasonable to construct the entire banking network.




4.2. Banking Systemic Risk Influencing Factors: The Supervision of Shadow Banking


Next, this paper takes a linear regression approach to examine the determinants of systemic financial risk. In the previous quantification results, we found some interesting phenomena. As in Figure 2, the proportion of infectious risk to bank systemic risk decreased in 2014 and 2016. Correspondingly, in 2014 and 2016, the Chinese government issued two more important policy documents on strengthening the supervision of inter-bank business; the introduction of the policies enhanced the supervision of shadow banking business. In April 2014 the People’s Bank of China, the China Banking and Insurance Regulatory Commission, the China Securities Regulatory Commission, and the State Administration of Foreign Exchange jointly issued a notice on regulating financial institutions’ inter-bank business. According to the overall idea, the aim was to develop and promote regulatory compliance in inter-bank business behavior. In 2016, the State Council put forward their opinions on actively steadily reducing enterprise leverage, which indicated that government should adhere to a positive fiscal policy and a steady monetary policy orientation, strengthen self-restraint, revitalize stock assets, optimize debt structure, orderly marketize the transformation between bank debt and equity, bankruptcy, develop equity financing by marketization, the rule of law, promote mergers and reorganization, perfect the modern enterprise system, actively and steadily reduce enterprise leverage, boost supply-side structural reform, boost state-owned enterprise reform, boost economic transformation and upgrading and optimization, and lay a solid foundation for long-term sustainable and healthy economic development. It is believed that these priorities focus on undermining shadow banking business. At the same time, the original intention of regulators to regulate shadow banking business is to reduce risks. This article tries to take inter-bank business as a measure of shadow banking to demonstrate the effect of shadow banking on systemic financial risk. The basic measurement model is as follows:


  R i s  k  i t   = I  B  i t   +  X  i t   +  u i  +  v t  +  e i   



(12)







In the model,   R i s  k  i t     and   I  B  i t     represent bank risk and related variables of inter-bank business, such as inter-bank funds and transaction financial assets, respectively, and    X  i t     represents control variables, including fixed assets, total assets, total liabilities, cash and central bank funds, derivative financial assets, and the provisions for risk.    u i    represents an individual fixed effect,    v t    represents an individual fixed effect, and    e i    is the error term. Sample banks’ descriptive statistics are shown in Table 3.



A regression analysis was conducted with data from each bank, and the empirical results are shown in Table 4. Among them, the first column takes systemic risk as the dependent variable, and the results of column one show that the development of shadow banking business will lead to an increase in the systemic risk of the bank as a whole. The second to fifth columns take infectious risk as the dependent variable. Through column two we found that the relationship between shadow banking business volume and infectious risk is not significant, in addition to the fact that the coefficient is basically positive. This may be caused by the heterogeneity of the sample; therefore, this paper distinguishes the sample for state-owned banks, joint-stock banks, and city banks. The results of columns three and four show that the shadow banking business of state-owned banks, joint-stock banks, and other large banks is negatively related with infectious risk; column five shows that the shadow banking business volume of city banks and infectious risk have a positive relationship. Regarding column two to column five, we can find that even if large banks have a barrier effect on infectious risk, the relationship between shadow banking business and infectious risk is still positive. The dependent variable in the sixth column is the individual risk of a bank. According to column six, we can find that the coefficient between interbank business volume and bank individual risk is not significant. After the sample regression the coefficient was still not significant, so it is not reported in the table.



It can be seen that shadow banking business may increase the correlation among a bank’s balance sheet, thus increasing infectious and systemic risks. Therefore, when the two “strong supervision” occurred in 2014 and 2016, the business volume of shadow banking decreased, and the overall systemic risk and infectious risk of banks were also reduced, respectively; due to the small change in individual risk, the proportion of infectious risk in systemic risk decreased. Meanwhile, the ability to access resident deposits of small- and medium-sized banks is much weaker than larger state-owned banks, resulting in small- and medium-sized banks being inclined to acquire capital from inter-bank borrowing. The data also verify the inference. Typically, the inter-bank assets of small- and medium-sized banks are around 15%, which is 5% more than large state-owned banks. Due to small- and medium-sized banks relying more on inter-bank borrowing, they become the main node of the correlation network and will generate more contagion risk if an economic shock occurs.



In Table 4, we used the logarithm of the explained variables to regress, which can reduce the collinearity and heteroscedasticity of the model. However, this process also drops some negative numbers and reduces the sample size. In order to test the robustness of the results, we regressed the data without adjusting for logarithms. We found essentially the same result.





5. Conclusions


This paper built a bank systemic risk model to simulate and analyze the expected losses of 158 Chinese banks when exposed to exogenous shocks, and obtained the systemic risk of Chinese banks from 2013 to 2018. In detail, by using balance sheet data for each bank, and especially inter-bank lending data, this paper generated an inter-bank network correlation matrix using the maximum entropy method. Then, it calculated individual risk by simulating the expected tail loss of an impacted bank in the case of an exogenous shock. Additionally, using the expected tail loss of other banks affected by an impacted bank, we calculated the contagion risk of the network spillover. According to the simulation results of banking systemic risk, we can conclude that: (1) Although the absolute value of the systemic risk of Chinese banks has been increasing year by year in recent years, its ratio to the total assets of the banking industry is relatively stable. (2) Banking systemic risk is based on individual risk. However, contagious risk still cannot be ignored. The contribution of contagious risk to systemic risk in each year accounts for about 30% in an increasing trend. (3) Individual risk is positively related to bank size. Individual risks of state-owned commercial banks have the greatest impact on their total individual risk, followed by those of city commercial banks and finally those of joint-stock banks. (4) Contagious risk is basically negatively correlated with bank size. The smallest urban commercial bank has the largest contribution to contagious risk, while the largest state-owned bank contributes less to contagion risk than city commercial banks. (5) Despite the fact that small- and medium-sized banks contribute the most to systemic risk, larger state-owned banks continue to be the main source of contagion risk. Therefore, the above findings indicate concern over contagious risk, in order to explain them further. In addition, we examined the effects of different types of assets and liabilities in bank balance sheets, especially those related to shadow banking, such as inter-bank lending. The results show that shadow banking can explain contagion risk and the contributions of small- and medium-sized banks to contagion risk. The above empirical results illustrate the impact of network linkages on contagion risk as well, since our network model relies heavily on shadow banking activities, such as interbank lending. Thus, small- and medium-sized banks rely more on interbank business than resident deposits for funding, which makes them more vulnerable to contagion risks.



Based on the above findings, the following inspirations have been drawn for this study:




	(1)

	
In China’s banking system, contagion risk has become a key component of potential financial risk. In addition to managing individual bank risks from a micro-prudential perspective, we must also consider the impact of contagion across the banking system from a macro-prudential perspective. Furthermore, a bank’s asset–liability ratio shows a strong correlation with its contagious risk. It consequently suggests that China should track the inter-bank market capital transactions in real time in order to detect hidden risks and prevent the spread of contagious risks, thereby reducing the systemic financial risks of the banking industry and enhancing economic stability.




	(2)

	
The results show that the contribution of different types of banks to systemic financial risk varies. Thus, it is a good idea to focus on classified banking supervision. Additionally, China should adopt flexible regulations for different types of banks to address different types of potential systematic risks, in particular paying more attention to small- and medium-sized banks, such as city commercial banks. In spite of the fact that these banking mechanisms are relatively flexible and provide a potential for financial innovation, they fail to address financial risks effectively, resulting in systemic risks. It is important for supervisors to ensure proper internal controls and to standardize business operations, to keep them from over-relying upon inter-bank market positions, and to provide liquidity during times of crisis.
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Appendix A


Due to the lack of data, the number of banks involved in the simulation is also different for every year. We used 158 banks in this paper, including 94 urban commercial banks, 12 joint-stock commercial banks, 6 state-owned large commercial banks, 2 rural cooperative banks, 28 rural commercial banks, and 16 foreign trade banks.



When calculating the systemic risk we adopted all of the banks in the sample; due to the small systemic risk situation occupied by rural cooperative banks, rural commercial banks, and foreign trade banks, when considering the individual risk and infectious risk this paper mainly focuses on the analysis of large banks represented by large state-owned controlled commercial banks, medium-sized banks represented by joint-stock commercial banks, and small banks represented by urban commercial banks.



The bank names are as follows:
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Table A1. Sample bank name and bank type.
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	No.
	Bank Name
	Bank Type
	No.
	Bank Name
	Bank Type





	1
	Bank of Shanghai
	City commercial bank
	80
	Dazhou Bank
	City commercial bank



	2
	Bank of Dongguan
	City commercial bank
	81
	Bank of Zhengzhou
	City commercial bank



	3
	Dongying Bank
	City commercial bank
	82
	Chongqing Three Gorges Bank
	City commercial bank



	4
	Zhongyuan Bank
	City commercial bank
	83
	Bank of Chongqing
	City commercial bank



	5
	Linshang Bank
	City commercial bank
	84
	Jinhua Bank
	City commercial bank



	6
	Leshan City Commercial Bank
	City commercial bank
	85
	Bank of Jinzhou
	City commercial bank



	7
	Jiujiang Bank
	City commercial bank
	86
	Great Wall West China Bank
	City commercial bank



	8
	Bank of Lanzhou
	City commercial bank
	87
	Chang’an Bank
	City commercial bank



	9
	Bank of Inner Mongolia
	City commercial bank
	88
	Bank of Changsha
	City commercial bank



	10
	Bao Shang Bank
	City commercial bank
	89
	Fuxin Bank
	City commercial bank



	11
	Bank of Beijing
	City commercial bank
	90
	Bank of Qingdao
	City commercial bank



	12
	Huarong Xiangjiang Bank
	City commercial bank
	91
	Anshan Bank
	City commercial bank



	13
	Bank of Nanjing
	City commercial bank
	92
	Qi Shang Bank
	City commercial bank



	14
	Xiamen International Bank
	City commercial bank
	93
	Qilu Bank
	City commercial bank



	15
	Bank of Xiamen
	City commercial bank
	94
	Longjiang Bank
	City commercial bank



	16
	Bank of Taizhou
	City commercial bank
	95
	Citic Bank
	Joint-stock commercial bank



	17
	Bank of Jilin
	City commercial bank
	96
	China Minsheng Bank
	Joint-stock commercial bank



	18
	Bank of Harbin
	City commercial bank
	97
	Jiaozuo China Tourism Bank
	Joint-stock commercial bank



	19
	Tangshan Bank
	City commercial bank
	98
	Everbright Bank
	Joint-stock commercial bank



	20
	Bank of Jiaxing
	City commercial bank
	99
	Industrial Bank
	Joint-stock commercial bank



	21
	Sichuan Tianfu Bank
	City commercial bank
	100
	Huaxia Bank
	Joint-stock commercial bank



	22
	Datong Bank
	City commercial bank
	101
	Ping An Bank
	Joint-stock commercial bank



	23
	Bank of Dalian
	City commercial bank
	102
	Guangfa Bank
	Joint-stock commercial bank



	24
	Bank of Tianjin
	City commercial bank
	103
	Hengfeng Bank
	Joint-stock commercial bank



	25
	Weihai City Commercial Bank
	City commercial bank
	104
	China Merchants Bank
	Joint-stock commercial bank



	26
	Bank of Ningxia
	City commercial bank
	105
	Zheshang Bank
	Joint-stock commercial bank



	27
	Ningbo Tongshang Bank
	City commercial bank
	106
	Bohai Bank
	Joint-stock commercial bank



	28
	Bank of Ningbo
	City commercial bank
	107
	Agricultural Bank of China
	Large state-owned controlled commercial bank



	29
	Yibin City Commercial Bank
	City commercial bank
	108
	Industrial and Commercial Bank of China
	Large state-owned controlled commercial bank



	30
	Fudian Bank
	City commercial bank
	109
	China Construction Bank
	Large state-owned controlled commercial bank



	31
	Pingdingshan Bank
	City commercial bank
	110
	Bank of China
	Large state-owned controlled commercial bank



	32
	Guangdong Huaxing Bank
	City commercial bank
	111
	Bank of Communications
	Large state-owned controlled commercial bank



	33
	Bank of Guangzhou
	City commercial bank
	112
	The Postal Savings Bank of China
	Large state-owned controlled commercial bank



	34
	Guangxi Beibu Gulf Bank
	City commercial bank
	113
	Cixi Rural Commercial Bank
	Rural cooperative bank



	35
	Langfang Bank
	City commercial bank
	114
	Wenling Rural Commercial Bank
	Rural cooperative bank



	36
	Huishang Bank
	City commercial bank
	115
	Shanghai Rural Commercial Bank
	Rural commercial bank



	37
	Bank of Chengdu
	City commercial bank
	116
	Dongguan Rural Commercial Bank
	Rural commercial bank



	38
	Chengde Bank
	City commercial bank
	117
	Zhongshan Rural Commercial Bank
	Rural commercial bank



	39
	Fushun Bank
	City commercial bank
	118
	Yiwu Rural Commercial Bank
	Rural commercial bank



	40
	Panzhihua City Commercial Bank
	City commercial bank
	119
	Yuhang Rural Commercial Bank
	Rural commercial bank



	41
	Rizhao Bank
	City commercial bank
	120
	Foshan Rural Commercial Bank
	Rural commercial bank



	42
	Kunlun Bank
	City commercial bank
	121
	Beijing Rural Commercial Bank
	Rural commercial bank



	43
	Jinzhong Bank
	City commercial bank
	122
	Nanxun Rural Commercial Bank
	Rural commercial bank



	44
	Jin merchants bank
	City commercial bank
	123
	Nanhai Rural Commercial Bank
	Rural commercial bank



	45
	Jincheng Bank
	City commercial bank
	124
	Hefei Science and Technology Rural Commercial Bank
	Rural commercial bank



	46
	Qujing City Commercial Bank
	City commercial bank
	125
	Dalian Rural Commercial Bank
	Rural commercial bank



	47
	Bank of Hangzhou
	City commercial bank
	126
	Tianjin Rural Commercial Bank
	Rural commercial bank



	48
	Bank of Liuzhou
	City commercial bank
	127
	Guangzhou Rural Commercial Bank
	Rural commercial bank



	49
	Bank of Guilin
	City commercial bank
	128
	Zhangjiagang Rural Commercial Bank
	Rural commercial bank



	50
	Hankou Bank
	City commercial bank
	129
	Chengdu Rural Commercial Bank
	Rural commercial bank



	51
	Bank of Jiangsu
	City commercial bank
	130
	Kunshan Rural Commercial Bank
	Rural commercial bank



	52
	Bank of Jiangxi
	City commercial bank
	131
	Hangzhou United Bank
	Rural commercial bank



	53
	Cangzhou Bank
	City commercial bank
	132
	Wuhan Rural Commercial Bank
	Rural commercial bank



	54
	Bank of Hebei
	City commercial bank
	133
	Jiangyin Bank
	Rural commercial bank



	55
	Bank of Quanzhou
	City commercial bank
	134
	Hai’an Rural Commercial Bank
	Rural commercial bank



	56
	Tai’an Bank
	City commercial bank
	135
	Zhuhai Rural Commercial Bank
	Rural commercial bank



	57
	Bank of Luoyang
	City commercial bank
	136
	Zijin Rural Commercial Bank
	Rural commercial bank



	58
	Jining Bank
	City commercial bank
	137
	Chongqing Rural Commercial Bank
	Rural commercial bank



	59
	Zhejiang Mintai Commercial Bank
	City commercial bank
	138
	Qingdao Rural Commercial Bank
	Rural commercial bank



	60
	Zhejiang Tailong Commercial Bank
	City commercial bank
	139
	Shunde Rural Commercial Bank
	Rural commercial bank



	61
	Zhejiang Chouzhou Commercial Bank
	City commercial bank
	140
	Gaoming Rural Commercial Bank
	Rural commercial bank



	62
	Bank of Wenzhou
	City commercial bank
	141
	Lucheng Rural Commercial Bank
	Rural commercial bank



	63
	Bank of Hubei
	City commercial bank
	142
	Zhaoqing Danzhou Rural Commercial Bank
	Rural commercial bank



	64
	Bank of Huzhou
	City commercial bank
	143
	Sumitomo Mitsui (China)
	Foreign bank



	65
	Weifang Bank
	City commercial bank
	144
	East Asia China
	Foreign bank



	66
	Bank of Yantai
	City commercial bank
	145
	Huashang Bank
	Foreign bank



	67
	Zhuhai China Resources Bank
	City commercial bank
	146
	Nanyang Commercial Bank (China)
	Foreign bank



	68
	Bank of Gansu
	City commercial bank
	147
	Youli (China)
	Foreign bank



	69
	Shengjing Bank
	City commercial bank
	148
	National (China)
	Foreign bank



	70
	Fujian Strait Bank
	City commercial bank
	149
	Fubonhua a bank
	Foreign bank



	71
	Shaoxing Bank
	City commercial bank
	150
	Morgan Stanley International Bank (China), Ltd.
	Foreign bank



	72
	Bank of Suzhou
	City commercial bank
	151
	JPMorgan Chase Bank (China)
	Foreign bank



	73
	Commercial Bank
	City commercial bank
	152
	New Korea China
	Foreign bank



	74
	Yingkou Bank
	City commercial bank
	153
	Star Show China
	Foreign bank



	75
	Huludao Bank
	City commercial bank
	154
	HSBC China
	Foreign bank



	76
	Hengshui Bank
	City commercial bank
	155
	Standard Chartered China
	Foreign bank



	77
	Bank of Xi’an
	City commercial bank
	156
	Australia New (China)
	Foreign bank



	78
	Bank of Guizhou
	City commercial bank
	157
	Ruizang Bank
	Foreign bank



	79
	Guiyang Bank
	City commercial bank
	158
	Bank of Korea
	Foreign bank
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Figure 1. Expected loss of the banking system in each year (100 million yuan, %). 
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Figure 2. Proportion of contagious risk in bank systemic risk in each year. 
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Figure 3. Proportion of contagious risks of various banks in total contagious risks in each year. UCBs refer to urban commercial banks. JSCBs refer to joint-stock commercial banks. SOCBs refer to state-owned commercial banks. Since the actual bank sample also includes some rural commercial banks and foreign banks, the total contagious risk contribution of urban commercial banks, joint-stock commercial banks, and state-owned commercial banks may not be 100%. 
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Figure 4. Proportion of individual risks of various banks in total individual risks in each year. 
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Figure 5. Contribution rate of systemic risk of various banks in each year. 
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Figure 6. The density distribution of bank systemic risk and individual bank risk at 99%, 99.9%, and 99.99% confidence. 
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Figure 7. Systematic risk in the Chinese banking industry at 99%, 99.9%, and 99.99% confidence levels from 2013 to 2018 (100 million). 
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Figure 8. Comparison of estimated contagion risk and actual bilateral exposures. 
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Table 1. Proportion of sample bank assets in total banking assets.
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	Year
	Proportion of Sample Bank Assets in Total Banking Assets





	2013
	69.93%



	2014
	70.31%



	2015
	69.30%



	2016
	72.66%



	2017
	70.28%



	2018
	66.15%










[image: Table] 





Table 2. Total assets of sample banks, 2013–2018.
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Year

	
Total Assets of Sample Banks




	
UCBs

	
JSCBs

	
SOCBs






	
2013

	
14.38%

	
21.45%

	
64.18%




	
2014

	
12.27%

	
23.65%

	
64.08%




	
2015

	
13.74%

	
24.58%

	
61.68%




	
2016

	
14.62%

	
28.98%

	
56.40%




	
2017

	
15.03%

	
27.41%

	
57.56%




	
2018

	
13.70%

	
23.62%

	
62.68%
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Table 3. Descriptive statistics of sample banks.
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	Variable
	Obs.
	Mean
	Std. Dev.
	Min.
	Max.





	Systematic risk
	513
	246.321
	459.123
	−3.276
	2919.786



	Infectious risk
	513
	66.737
	66.237
	−482.553
	387.879



	Individual risk
	513
	179.584
	449.146
	1.518
	2982.52



	Cash and the logarithm of deposited central bank payments
	513
	24.125
	2.857
	0
	28.916



	Logarithm of inter-bank money on deposit
	513
	22.463
	3.096
	0
	27.313



	Logarithm of traded financial assets
	513
	18.16
	8.675
	0
	27.415



	Logarithm of derived financial assets
	513
	6.492
	9.934
	0
	25.595



	Log of fixed assets
	506
	21.295
	1.698
	17.394
	26.259



	Log of total assets
	508
	26.468
	1.621
	23.495
	30.952



	Logarithm of total liabilities
	508
	26.385
	1.646
	20.177
	30.864



	Logarithm of provisions for risk
	501
	21.886
	1.722
	16.644
	26.357
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Table 4. Relationship between inter-bank lending and bank risk.
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Variable

	
Systematic Risk

	
Infectious Risk

	
Individual Risk




	
Total Sample

	
Total Sample

	
State-Owned Banks

	
Joint-Stock Banks

	
City Commercial Banks

	
Total Sample




	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)






	
Logarithm of cash and deposited central bank payments

	
−0.255 **

	
−0.165

	
6.822 *

	
1.225

	
−0.231 *

	
0.041




	

	
(0.099)

	
(0.163)

	
(3.339)

	
(2.305)

	
(0.133)

	
(0.029)




	
Logarithm of inter-bank money on deposit

	
−0.003

	
−0.003

	
−0.216

	
−0.004

	
−0.011

	
−0.007




	

	
(0.015)

	
(0.025)

	
(0.460)

	
(0.080)

	
(0.037)

	
(0.004)




	
Logarithm of traded financial assets

	
0.011 **

	
0.005

	
−0.571

	
−0.328

	
0.006

	
0.001




	

	
(0.005)

	
(0.008)

	
(0.801)

	
(0.289)

	
(0.006)

	
(0.001)




	
Logarithm of derivative assets

	
0.003

	
0.004

	
−0.223

	
−0.393

	
0.004

	
0.001




	

	
(0.007)

	
(0.012)

	
(0.636)

	
(0.465)

	
(0.009)

	
(0.002)




	
Log of fixed assets

	
0.052

	
0.034

	
0.706

	
−0.439

	
0.103

	
0.059 ***




	

	
(0.074)

	
(0.122)

	
(1.580)

	
(1.653)

	
(0.099)

	
(0.021)




	
Log of total assets

	
0.497 ***

	
0.256

	
53.699

	
15.439

	
0.142

	
0.611 ***




	

	
(0.173)

	
(0.284)

	
(50.843)

	
(41.733)

	
(0.229)

	
(0.063)




	
Logarithm of total liabilities

	
0.407 ***

	
0.531 ***

	
−53.087

	
−9.365

	
0.540 ***

	
0.056 **




	

	
(0.093)

	
(0.150)

	
(53.274)

	
(41.329)

	
(0.118)

	
(0.026)




	
Logarithm of the general risk preparation

	
0.037

	
0.024

	
−1.431

	
−2.225

	
0.079

	
0.070 ***




	

	
(0.077)

	
(0.125)

	
(4.360)

	
(1.947)

	
(0.100)

	
(0.020)




	
Constant terms

	
−14.958 ***

	
−13.824 ***

	
−165.476

	
−122.411 *

	
−11.664 ***

	
−17.861 ***




	

	
(2.547)

	
(4.132)

	
(94.125)

	
(64.712)

	
(3.376)

	
(1.213)




	
Individual fixed effects

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year fixed effect

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
499

	
473

	
22

	
52

	
399

	
501




	
R-squared

	
0.400

	
0.177

	
0.651

	
0.142

	
0.278

	
0.907








Standard errors in parentheses. *** p < 0.01, ** p < 0.05, and * p < 0.1.
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