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As the global economy continues to integrate, COVID-19 is affecting businesses around the world, causing the financial system to become more complicated. The complicated relationship between various agents in the financial system makes potential hazards more easily transmitted. Most studies of systemic risks have focused on single-layer networks, and macroeconomic fluctuations have not been quantified in multi-layer models of financial networks. In this paper, three different macroeconomic shock scenarios (showing upward, downward, and random trends) are constructed to affect the firm’s business activities, and a multi-layer financial network model is developed to simulate systemic risk under macroeconomic fluctuations. Firms with medium and high leverage and small asset sizes, as well as banks with smaller asset sizes and fewer bank-firm credit linkages, are found to be more likely to default. The study also found that average firm leverage exhibits two inflection points, causing banks’ default probabilities to “rise, then fall, and then rise,” with the inflection point value being the lowest under the upward trend of macroeconomics. In addition, the higher the ratio of firm loans to total bank assets, the more likely the bank is to default. Appropriate loan maturity extension has also helped to reduce systemic risk, especially in light of the macroeconomic downward trend. Furthermore, improving the capital adequacy ratio can reduce the bank’s default probability under macroeconomic fluctuations.
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1 INTRODUCTION
The global financial crisis in 2008 raised the concern of scholars about the systemic risk of the financial system [1–3]. The growing interconnectedness of the global economy, the rapid expansion of Internet finance, and the impact of COVID-19 on the global economy have all increased financial risks in recent years. Furthermore, as a result of complex links among different agents such as banks, firms, and non-bank financial organizations, risks in the financial system could spread more likely. Banking is at the heart of the financial system, and previous research has focused on the interbank lending market, considering the impact of interbank lending linkages, interbank networks, and other factors. Conversely, studies on systemic risk related to credit linkages between banks and firms have received less attention [2]. Since firms are the primary recipients of bank loans, and their growth impacts the national economy and bank operations, this paper constructs a multi-layer financial network system based on interbank lending linkages and the bank-firm credit linkages, and conducts a systemic risk analysis.
Researchers have focused on the interbank lending market in the past [3–11]. Allen and Gale [4] developed a representative model of financial risk contagion based on direct interbank linkages. Iori et al. [5] examined the impact of the interbank lending market on heterogeneous and homogeneous banking systems. Georg [6] and Grilli et al. [7] both evaluated the impact of interbank linkages on systemic risk. On the other hand, some are from a perspective of the structure of the interbank lending network [3, 8–11].
In addition to the interbank market, a growing number of researchers are depicting another agent in the complex financial system that has an impact on bank operations: the firms, and investigating systemic risk under the bank-firm network. First, there are studies on systemic risk based on a single-layer bank-firm network [12–14]. Riccetti et al. [12] built an agent-based macroeconomic model to study the interaction of bank-firm credit markets at different economic cycle stages. Based on the simplified credit network in [14], Di Guilmi et al. [13] constructed a bank-firm bilateral credit network and used statistical physics to illustrate firm and bank behavior as well as the dynamic evolution of the bank-firm credit network. The results of this study indicate that when firm defaults and causes the failure of the bank, it has a systemic impact and affects the degree distribution of the credit network. Later, other researchers further deconstructed the bank-firm network to investigate systemic risk in a multi-layer bank-firm network [15–17]. Using actual data from Spanish banks and firms in 2007, Luu and Lux [15] separated the original bank-firm bilateral network into layers representing different industrial sectors, focusing on the overlap and correlation of multi-layer Spanish bank-firm credit networks. Li et al. [16] and Ma et al. [17] both developed multi-layered bank-firm networks based on loan maturity, which included short-term and long-term lending networks. Li et al. [16] empirically examined the contribution of banks and firms to systemic risk by using DebtRank. In addition to credit linkages between banks and firms, they also refined the interbank and interfirm co-financing linkages. DebtRank is shown to be higher in banks with large assets, and firms are the main contributors to systemic risk. Ma et al. [17] used a four-layer bank-firm network model to analyze the impact of network structure and bank and firm behavior on systemic risk. Specifically, the relationship between banks and firms with different loan maturities and common assets between banks and firms with different investment cycles was studied. The study found that the joint shock of a multi-layer network has a far greater impact on systemic risk than the joint effect of any two-layer network.
Several researchers have joined the interbank network to analyze systemic risk based on the bank-firm network [18–21]. Lux [18] built a random model of the bilateral bank-firm credit network, embedded it into the interbank network model, and examined the systemic risk in this multi-layer network system using a large number of simulations. The bank-firm credit channel has been found more likely to trigger contagion than interbank lending. Using actual data from Brazilian banks and firms, Silva et al. [19] extensively examined the systemic risk produced by external shocks to the net equity of banks and firms, using a multi-layer financial network model including interbank lending linkages and bank-firm credit linkages [20]. In addition to state-owned banks being most vulnerable to firm shocks, network structure matters a lot. Multi-layer networks and full consideration of relationships between economic agents are suggested for examining systemic risk. Grilli et al. [21] modeled the dynamic evolution of a bank-firm credit network and an interbank lending network in terms of endogenous learning mechanisms, simulated the effects of agents’ behavior, and recommended paying attention to the credit market structure and avoiding network overconcentration. Unlike other researchers, based on bank-firm credit linkages, Sui et al. [22] built a bank-firm multi-financial association network model, and found that firms in this network had power-law tails.
Systemic risk research has yielded useful results, but there are still some problems: 1) Most systemic risk research is based on the interbank lending market, but less is done on bank-firm credit networks, and much of it is based on single-layer bank-firm credit networks. 2) A few have studied the systemic risk of a multi-layer financial network system based on bank-firm credit and interbank lending ([18, 19, 21]). When developing the multi-layer financial network system model, previous research failed to consider the external macroeconomic impact on business activities, and failed to conduct quantitative analyses of systemic risk within that system under macroeconomic fluctuations. In this paper, we develop three macroeconomic shock scenarios (upward, downward, and random trends). Based on the behavior of banks and firms, the bank-firm credit network, and the interbank lending network, a multi-layer financial network system model with dynamic evolution under macroeconomic fluctuations is constructed, and some recommendations for banks are proposed.
2 THE MODEL
In this paper, banks and firms are considered major agents in the multilayer financial network system. Interbank networks are established based on interbank lending linkages, and bank-firm networks are established based on credit linkages. Simultaneously, the impact of macroeconomic fluctuations on firm operations is considered. Lastly, this paper constructs a dynamically evolving multi-layer financial network model, based on the interbank lending network and the bank-firm credit network.
2.1 The behavior of agents
The profits of firms are generated by firms engaged in production and operation activities. A firm’s output is proportional to the capital invested in production activities. According to Grilli et al. [7], the output of firm [image: image] can be expressed as:
[image: image]
Where [image: image] denotes capital productivity and [image: image] represents the capital invested in the firm’s production. The firm’s capital is made up of two parts: its own capital, denoted as [image: image], and bank loans, denoted as [image: image]. As a result, the capital of firm [image: image] can be expressed as [image: image].
Firms generate revenue by selling their products. A firm’s operating profit is its revenue after deducting the principal and interest of its loan. The operating profit of firm [image: image] at time step [image: image] is:
[image: image]
Where [image: image] represents the interest rate at which the firm borrows from the bank, and [image: image] indicates the loan maturity. [image: image] in Eq. 2 denotes the profit rate per unit of firms’ output. The macroeconomic usually has an impact on the business activities of firms. In the model of this paper, the macroeconomic shocks are exogenous shocks to the production and operation of firms, this shock can be reflected by [image: image]. Referring to Fan and Gao [23], this paper uses the same method to generate the profit rate ([image: image]), and [image: image] is affected by macroeconomic fluctuations showing three trends, upward, downward, and random. [image: image] under the macroeconomic shocks is shown in Eq. 3:
[image: image]
where [image: image], [image: image] are random numbers obeying a normal distribution, [image: image] controls the size of the fluctuations, [image: image] controls the strength of the trend (under a random trend [image: image]), [image: image] controls the size of the shock, and [image: image] controls the size of the mean. Three macroeconomic scenarios are obtained by adjusting the above parameters and controlling for the same mean of [image: image] in the three scenarios. Under the upward trend of the macroeconomic, the profit rate of firms fluctuates upwards and the overall profit rate keeps increasing. Under the downward trend of the macroeconomic, the profit rate of firms fluctuates downwards, and the overall profit rate keeps decreasing. Under the random trend of the macroeconomic, the profit rate of firms fluctuates upwards and downwards with no obvious trend. By setting up three trends of firm profit rates under different macroeconomic shock scenarios, they will have different effects on the production and operation of firms.
Based on the above description, the net worth of firm [image: image] at each time step is updated as follows.
[image: image]
When the firm’s net worth is satisfied [image: image], the firm declares bankruptcy. When the firm fails, its net worth is liquidated in proportion to the amount of debt held by its creditor bank, and the loan losses of its creditor bank [image: image] are expressed as
[image: image]
Where [image: image]. After deducting losses, the remaining principal recovered by the creditor bank [image: image] will be converted into cash assets it holds to supplement its credit supply. The cash asset increment can be expressed as follows:
[image: image]
The balance sheet of bank [image: image] is shown in Table 1 in our multi-layer financial network model.
TABLE 1 | The balance sheet of bank [image: image].
[image: Table 1]The total assets of bank [image: image] are denoted as
[image: image]
The third term on the right side of Eq. 7 represents, in turn, the bank’s net equity, deposits, and interbank borrowing. Set the ratio of firm loans ([image: image]) to total bank assets is [image: image], then [image: image]. It is assumed that the bank’s initial cash assets are zero, so the bank’s interbank loans are denoted as [image: image].
Under Basel III regulatory requirements, the capital adequacy ratio [image: image] set in this paper to limit excessive lending by banks. The credit supply of the bank can be expressed as
[image: image]
The bank’s income is derived from the interest margin, which is expressed as
[image: image]
It includes the bank’s income from firm loans, its loan income from interbank loans, its borrowing expenses from interbank loans, its deposits interest expenses. [image: image] is the bank’s average interest rate in the current period. At each time step, the net equity of bank [image: image] is then updated as follows.
[image: image]
Where [image: image] is the loan loss of bank [image: image] (resulting from firm failure or bank failure). If the net equity of bank [image: image] satisfies [image: image], bank [image: image] will fail in bankruptcy. Similar to a firm’s liquidation, the net equity of bank [image: image] will be liquidated based on the proportion of debt held by its creditor banks.
2.2 Bank-firm network and interbank network
According to De Masi and Gallegati [24], in the Italian bank-firm credit network, the degree of banks is much larger than that of firms, small banks have fewer creditors, and hubs between banks with a large number of borrowers exist. Following Lux’s [18] bank-firm credit network model, this study assumes that each bank’s asset size follows the Pareto distribution, and that the distribution of the bank’s total assets [image: image] can be expressed as
[image: image]
In the bank-firm network, [image: image] is the Pareto parameter, while [image: image] and [image: image] represent the minimum and maximum total assets for each bank. In this paper’s bank-firm network, each firm’s loan size follows the same Pareto distribution and the total amount of firm credit is equal to the total credit assets held by the bank. For the bank-firm credit network with the number of banks [image: image] and the number of firms [image: image] , according to the ratio ([image: image]) of firm loans to total bank assets in Section 2.1, there are:
[image: image]
Where [image: image] denotes the firm’s average loan size and [image: image] denotes the bank’s average total assets. In addition, the minimum borrowing [image: image] and maximum borrowing [image: image] of each firm in the bank-firm network can be expressed as [image: image], respectively. When the average connectivity degree of each bank in the bank-firm credit network is [image: image], and the average connectivity degree of each firm (number of creditors) is [image: image], then [image: image].
As mentioned above, the degree of banks (number of debtor firms) is related to the size of their assets. Similarly, the degree of firms (number of creditor banks) is related to the size of their debt. Thus, the connectivity degree of each firm and bank in the bank-firm credit network can be expressed as:
[image: image]
To establish bank-firm credit linkages, we initialize the number of available connections of the nodes as the degree of the node, randomly select the bank and firm nodes and establish credit links for them (the higher the degree, the greater the probability of selecting the node), while decreasing the number of available connections of the corresponding node, and continue this process until the number of available connections in the system has been exhausted. When the bank-firm credit linkage is established, the bank-firm loans to firms are allocated based on their loan sizes, and eventually the bank-firm credit network is complete.
As a direct channel for spreading systemic risk, interbank lending has been extensively studied. In this paper, we use the interbank market model proposed by Lux [18] and Montagna and Lux [25], in which interbank lending linkages are generated using a probability function related to bank asset size, and the probability of interbank lending linkage between bank [image: image] and bank [image: image] is
[image: image]
Where [image: image] denotes the largest bank’s total assets in the entire banking system, [image: image] are the other parameters1. It should be noted that Eq. 14 reflects the general rule of interbank lending linkage, which is used to estimate the initial interbank lending network structure. When conducting dynamic interbank lending, banks need to consider creditor bank net assets, debtor bank leverage, credit supply and risk appetite. We will discuss these issues in detail in Section 2.3.
Since the initial size of interbank loans of bank [image: image] is [image: image] , the interbank loans lent by bank [image: image] to bank [image: image] are
[image: image]
Based on the above description, an example diagram of the multi-layer financial network in this paper is shown in Figure 1.
[image: Figure 1]FIGURE 1 | An example diagram of the multi-layer financial network (The figure contains 20 banks and 80 firms. The orange rectangular nodes represent the banks, and the blue circular nodes represent the firms in the system; The orange lines represent interbank lending linkages, and grey lines represent bank-firm credit linkages).
As can be seen from Figure 1, the multi-layer financial network includes the interbank lending network and the bank-firm credit network. In the network, there are clearly several clusters of firm nodes with credit linkages to the same banks, and therefore individual banks (such as bank nodes B2, B15, B7, etc.) have more credit linkages; these banks have larger asset sizes and more interbank links, making them core nodes.
2.3 The dynamic evolution of multi-layer financial network system
In the multi-layer financial network system proposed in this paper, macroeconomic fluctuations affect the business activities of firms. To continue their business, firms seek loans from banks. In order to establish credit linkages between banks and firms, banks evaluate their leverage and own assets; if their own assets are insufficient, they seek interbank lending. If macroeconomic shocks cause firms to fail and go into liquidation in the course of their operations, their creditor banks will suffer losses (Eq. 5), resulting in lower borrowing opportunities and higher lending rates for other firms (Eqs 17 and 18). When creditor banks suffer large losses and fail, they will directly affect the banks and firms with which they have credit links. In consequence, macroeconomic fluctuations would directly affect firms, but indirectly affect banks via credit linkages between banks and firms, potentially causing systemic risks. Figure 2 shows the dynamic evolution of the multi-layer financial network system.
[image: Figure 2]FIGURE 2 | The dynamic evolution process of the multi-layer financial network system.
This paper explores a multi-layer financial network system, in which firms modify their business plans and dynamically change their business inputs in response to macroeconomic fluctuations. In our model, the firm’s leverage is [image: image], the loan demand of firm [image: image] at each time step is
[image: image]
Depending on their risk assessment, banks lend or not to firms. A bank’s risk aversion is represented by [image: image] ([image: image]); the higher [image: image], the more risk averse the bank. According to Grilli et al. [7], the probability that banks will lend to firms can be expressed as follows:
[image: image]
where [image: image] is the elasticity parameter. Equation 17 predicts that the more debt the firm has, the less likely it is to acquire loans from the bank; on the other hand, the more abundant the bank’s credit supply, the more likely the bank is to lend.
The interest rate on a bank’s loan to a firm depends on the bank’s net equity and the firm’s leverage. Usually, the higher the bank’s net equity, the lower the loan rate; likewise, the higher the firm’s leverage, the higher the rate. According to Gatti et al. [14], Eq. 18 shows the loan rate between banks and firms.
[image: image]
where [image: image] is a constant parameter. Based on all of their available creditor banks’ loan rates, firms choose the bank with the lowest interest rate in this paper’s multi-layer financial network. If the bank’s credit supply meets the firm’s loan demand, the bank and the firm form a new credit link, and the bank makes loans to the firm first-come, first-served. When a bank’s credit supply is insufficient to meet a firm’s loan demand, it will turn to the interbank market for assistance, still following Eqs 17 and 18. The bank will not be able to support firms with credit if it cannot secure interbank loans.
As described in this paper, the dynamic evolution algorithm for the multi-layer financial network system follows.
Step 1: Under various macroeconomic shock scenarios, the firm produces and conducts business and generates operating profits [image: image];
Step 2: The firm repays the current principal and interest due, and recalculates its net equity [image: image];
Step 3: If [image: image], the firm survives, and its creditor bank recovers the principal of the loan and earns interest income on the loan; if [image: image], the firm goes into bankruptcy and liquidation, and its creditor bank suffers credit losses and recovers the remaining principal;
Step 4: The bank recovers the due interbank lending and receives interest income on interbank lending; at the same time, it repays the due interbank borrowings and pays interest on those borrowings to the creditor bank;
Step 5: The bank pays interest on deposits and recalculates its net equity [image: image];
Step 6: If [image: image], the bank survives, and its creditor bank receives interest income; if [image: image], the bank goes into bankruptcy and liquidation, and its creditor bank suffers the interbank lending losses and recovers the remaining principal;
Step 7: The surviving firm calculates its new credit demand [image: image] based on the current macroeconomic scenario, and seeks credit support from potential creditor banks; if the bank is unable to meet the firm’s credit demand, it enters the interbank lending market to seek assistance from other banks, and the surviving firm returns to Step 1 after its credit activity;
Step 8: The evolution of the system stops when there are no surviving banks or firms, or when the maximum time step is reached.
When a firm’s credit demand is not met, it will continue to produce and operate with its own finances, but its production size will shrink, reducing revenues, which may result in the firm being unable to repay existing debts in the later stages of our evolution.
In general, this study is based on complex network theory, which regards banks and firms as different types of nodes, and builds interbank and bank-firm credit networks through interbank lending linkages and credit linkage between banks and firms. Based on these two networks, a multi-layer financial network system model is constructed, where exogenous shocks are transmitted between agents, and the dynamics of the model exacerbate contagion and risk accumulation.
3 SIMULATION AND ANALYSIS
Based on the dynamic multi-layer financial network model, this paper simulates and evaluates systemic risk under various macroeconomic scenarios.
As existing similar research sets the number of banks to the number of firms differently [7, 12, 13, 18, 24], we chose a moderate ratio (1:40), setting the number of banks to be [image: image] and the number of firms to be [image: image]2. The minimum and maximum total assets of banks are [image: image] and [image: image] respectively, and their total assets follow the Pareto distribution with the Pareto parameter [image: image], the same as Lux [18]. A firm’s average number of creditor banks is [image: image], according to De Masi and Gallegati [24]. Referring to Grilli et al. [7], set the average leverage of firms to be [image: image], the risk aversion coefficient of banks to be [image: image], and the elasticity constant to be [image: image]. According to Basel III regulations, banks’ capital adequacy ratio is set to be [image: image].
The time steps in this model represent the firm’s production and the bank-firm credit cycle, with each time step performing the firm’s production, bank-firm credit, and interbank lending. In this study, all banks fail or the overall system stabilizes after around 500 steps, with no further failures. Thus, the total time steps in macroeconomic shock scenarios are [image: image]. To reduce the randomness of experimental results, set the number of runs to 20 in each scenario.
3.1 Results of the benchmark model
In Figure 3, we explore the leverage and asset size of default firms as the multi-layer financial network system evolves. As a result of the study, firms with medium and high leverage (leverage >0.3) and small asset size (asset size <10) are more likely to default under various macroeconomic shock scenarios. Furthermore, under the upward trend of the macroeconomic, some firms with small asset sizes (asset size <5) and low leverage (leverage <0.3) show a certain risk of default, and the lower the leverage, the longer the survival duration of such firms. When the macroeconomic trend is downward, firms with small asset sizes and low leverage fail less early in the evolution of the system, and some of these firms may fail as the system evolves over a longer period (450–500 steps). When the macroeconomic trend is random, the bankruptcy of small asset size and low leverage firms is relatively rare, making them the most stable.
[image: Figure 3]FIGURE 3 | (A)The leverage of each default firm and the time step of its default; (B) The asset size of each default firm and the time step of its default; (C) Scatter plot between the asset size and its leverage of each default firm. Blue, gray and orange represent macroeconomic fluctuations in upward, downward and random trends, respectively.
Under macroeconomic shocks, medium and high leveraged firms (leverage >0.3) are faced with higher repayment pressure, their operating profits are insufficient to repay the principal and interest of the loan. During the dynamic evolution of the multi-layer financial system, these firms’ net worth continues to decrease, their assets are relatively small, and these firms go bankrupt in a short time. When the macroeconomic trend is upward, net asset losses for firms with small asset sizes (asset size <10) and low leverage (leverage <0.3) are eased as their profits increase; however, such relief is limited (Figure 4A), and they continue to go bankrupt. In the case of a downward macroeconomic trend, low-leverage firms develop a certain amount of net assets when their profit rates are quite high. In light of the restrictions on firm leverage, firms with relatively small assets (asset size <5) are limited in their ability to accumulate assets. Therefore, such firms still went bankrupt in the late stages of the macroeconomic downturn (Figure 4B). When the macroeconomic trend is random (Figure 4C), the profit rate of firms is very variable, and the system as a whole is generally stable despite the failures of high-leverage firms.
[image: Figure 4]FIGURE 4 | The net worth of default firms with small asset size and low leverage when the macroeconomic fluctuations in upward (A), downward (B) and random (C) trends, respectively.
The paper also analyzes the performance of banks and obtains Figure 5. The study shows that banks with a larger asset size (asset size >60) and more bank-firm credit linkages (credit linkages >300) are less likely to default during the evolution of the multi-layer financial network system, as well as exhibiting better risk resistance under various macroeconomic scenarios. While banks with relatively smaller asset sizes (asset size <60) and fewer bank-firm credit linkages (credit linkages <300) are more likely to default. When the macroeconomic trend is upward, banks in the multi-layer financial network system default on a large scale at first, then the number of bank failures gradually decreases, and then the system stabilizes. In cases of downward and random macroeconomic trends, the number of bank failures grows continuously, then declines, and the system eventually stabilizes.
[image: Figure 5]FIGURE 5 | (A) The asset size of each default bank and the time step of its default; (B) The credit linkages of each default bank and the time step of its default; (C) Scatter plot between the asset size and its credit linkages of each default bank. Blue, gray and orange represent macroeconomic fluctuations in upward, downward and random trends, respectively.
In our model, banks with more bank-firm credit linkages also tend to be larger banks (Eq. 13), which have larger credit exposures, but also more diversified credit risks. Due to its own capital and better risk resistance to macroeconomic shocks, when a firm defaults, the shock to the bank is relatively dispersed, decreasing its failure chances. Figures 6, 7 are created to better explain and clarify the results of Figure 5. As Figure 5 is combined with Figure 6, which shows the relationship between failed banks’ asset size and bank-firm credit linkages, the analysis reveals that large banks that have failed are debtor banks in the lending market. Under macroeconomic shocks, this part of the bank faces both the risk of default of its lending firms, as well as its own interbank lending repayment pressures, so that the risk of default is higher. In contrast, small and medium-sized banks are relatively weaker and have fewer bank-firm credit linkages, so the impact when firms default is more concentrated on them. There is a greater risk of failure for these banks, whether they are creditors or debtors in the interbank loan market.
[image: Figure 6]FIGURE 6 | Asset size and the types of interbank lending of default banks when the macroeconomic fluctuations in upward (A), downward (B) and random (C) trends, respectively.
[image: Figure 7]FIGURE 7 | (A) The number of default firms and the time step of their default; (B) The number of default banks and the time step of their default. Blue, gray, and orange represent macroeconomic fluctuations in upward, downward and random trends, respectively.
Based on bank and firm defaults, we examined the propagation of systemic risk in the multi-layer financial network system, as shown in Figure 7.
It is argued that during the early stages of the macroeconomy’s upward trend, a large number of small and medium-sized banks failed because of massive firm failures (more than 360). As the macroeconomy improves, the losses of surviving firms decrease, default risk decreases, and the impact on banks weakens, and the number of failed banks gradually decreases. Only part of firms suffer serious losses and fail at first (less than 90 firms), and the banking system is less affected by the downward trend. As the macroeconomy continues to deteriorate, firms continue to accumulate losses and fail in increasing numbers, while their impact on banks with small and medium assets and fewer bank-firm credit links increases, resulting in more failed banks. As all the firms with serious losses closed down, the system gradually stabilized, and bank failures decreased. When the macroeconomic trend is random, the profit rate of firms is highly volatile, but as the system gradually stabilizes, the number of failed banks rises and then declines.
3.2 Effect of firm average leverage, the ratio of firm loans to total bank assets, and loan maturity on systemic risk
This paper also explores the systemic risk associated with various firm average leverage ([image: image]), the ratio of firm loans to total bank assets ([image: image]), and loan maturity ([image: image]). The results are shown in Figures 8–10.
[image: Figure 8]FIGURE 8 | The default probability of banks with different average firm leverage.
Based on Figure 8, banks’ default probability increases as firms’ leverage increases, with a trend of first rising, then falling, and then rising again during the three macroeconomic scenarios. In general, higher leverage means more credit for firms and greater risk and return for banks. The model used in this paper assumes a constant amount of credit between banks and firms, higher leverage implies higher repayment pressure on firms, and poorer risk resilience. A low leverage firm has a low repayment pressure, low default probability, and low credit income for its creditor banks. As leverage increases (before the first inflection point, i.e., when leverage is not large enough), the repayment pressure increases for the firm, and the default probability increases. Considering the bank’s own funding costs (interbank lending and savings), and the bank’s credit income currently low, the default probability of the bank has also increased. As leverage increases (beyond the first inflection point), the interest rate on bank-firm credit increases, and the firm’s default probability increases but is still relatively low, so credit income for the bank exceeds credit losses, risk is reduced, and thus default probability decreases. Firm leverage increases more (beyond the second inflection point), and its repayment pressure rises sharply, and its default probability increases significantly. As a result, the banks’ credit income cannot mitigate their credit losses, and overall banks’ risk is increased.
Moreover, we find that firms’ average leverage has the smallest inflection point in the uptrend and the largest in the downtrend. The analysis indicates that firms’ profit rates have been rising from a lower level under the upward trend of the macroeconomic, which points to the large-scale failure of firms at an earlier stage. They are also more sensitive to rising leverage, indicating that the inflection point appears earlier. In contrast, firm profit rates have been falling since a higher level, so the inflection point appears later under macroeconomic downturns. Under random macroeconomic trends, firm profit rates are volatile, and the inflection point occurs between uptrends and downtrends. This study suggests banks must consider firm leverage in its entirety, and can appropriately relax loan approval restrictions when firm leverage is low, but must strictly control loan approval when firm leverage is high. As macroeconomic conditions change, banks should maintain appropriate control over firm leverage.
In Figure 9, the default probability of banks increases as the ratio of firm loans to total bank assets rises under the downward trend of the macroeconomic. With macroeconomic fluctuations in upward and random trends, bank default probability increases with firm loans to bank assets; however, when the ratio is too high, it decreases marginally. The higher the ratio of firm loans to total bank assets, the greater the reliance of banks on bank-firm credit income, and the greater the impact of macroeconomic fluctuations. Accordingly, as firm loans to total bank assets increase, so does default probability. Under the downward trend of the macroeconomic, firm profit rates continue to decline, increasing the pressure on firms to repay their loans. When the macroeconomic trend is upward, with firm profit rates increasing, sufficient loan supplies enable surviving firms to accumulate capital, and the default risk is continually lowered. Banks also obtain higher income through bank-firm loans, and the default probability will be reduced. Under the random trend of the macroeconomy, due to the uncertainty of firm income, when the ratio of firm loans to total bank assets is too large, the default probability of banks also shows a certain downward trend, but not as obvious as the upward trend. As a result of the varied firm loan ratios to total bank assets, it suggests that banks should limit the quantity of bank-firm loans to strike a balance between risks and profits.
[image: Figure 9]FIGURE 9 | The default probability of banks with different ratios of firm loans to total bank assets.
As shown in Figure 10, extending bank loan maturity results in different systemic risks. Under the upward trend of the macroeconomic, the default probability of banks decreases and then increases, while under the downward trend of the macroeconomic, the default probability increases slightly, then gradually decreases, and finally increases slightly again. Under the random trend of the macroeconomic, the default probability of banks displays a trend of rising first, then falling, and then rebounding.
[image: Figure 10]FIGURE 10 | The default probability of banks with different loan maturity.
Based on our study, macroeconomic conditions are improving under an upward trend, and extending bank loan maturities helps firms expand production, generate more profits, reduce firm default risk, and reduce bank default risk. However, an overly long loan maturity (more than 12) will put an excessive amount of capital pressure on the bank (mostly from depositor interest payments in our model), increasing default probabilities. Under the downward trend of the macroeconomic, expanding the bank loan maturity to a certain level (less than 6) has limited effect on relieving firm payback pressure, and is also unfavorable to reducing production inputs in time, reducing losses, and avoiding defaults. Thus, banks’ default probability has increased. In contrast, extending the bank loan maturity to a substantial amount (6–18) might allow firms to keep continuous production without defaulting due to overwhelming payback pressure, therefore reducing bank default risk. As in the uptrend, if the bank loan maturity is too long (more than 18), the bank’s own capital is overstressed, and the default probability rises again, but it is not as obvious as in the uptrend.
Under the random macroeconomic trend, firms’ profit rate is unstable. Shorter loan maturities (less than 10) will result in significant losses due to the firms’ blind investment in production, and default probabilities will increase for both firms and banks. Firms’ default probabilities decrease as payback pressure drops, and banks’ default probabilities decrease as loan maturities are extended (10–16). Due to excessive capital pressure, the default probability of banks increases when the loan maturity is long enough (more than 16). A suitable extension of loan maturity reduces the repayment pressure on firms, making them more resilient to the impact of macroeconomic fluctuations, reducing their default risk, and reducing the default risk of banks, assuming the amount of their loans does not change.
3.3 Effect of the capital adequacy ratio on systemic risk
As shown in Figure 11, this paper simulates the systemic risk under different capital adequacy ratios to investigate the impact of central bank regulation. According to Figure 11, the overall default probability of banks reduces continuously as the capital adequacy ratio increases. Moreover, the default probability of banks is lower under the random macroeconomic trend than it is under the upward and downward trends.
[image: Figure 11]FIGURE 11 | The default probability of banks with different capital adequacy ratio.
If the capital adequacy ratio is low ([image: image]), the default probability of banks under the upward trend of the macroeconomic is lower than that under the downward trend; if the capital adequacy ratio is high ([image: image]), the default probability of banks is higher. An analysis of this paper finds that lower capital adequacy means higher leverage for the bank. In low capital adequacy ratios, bank internal capital pressure is greater. When the macroeconomic trend is upward, the profitability of firms increases, and the bank-firm credit interest income relieves the bank’s capital pressure and reduces the bank’s default probability, therefore the bank default probability is lower than the downward trend. In high capital adequacy ratios, banks’ funding pressure is low. In an upward macroeconomic trend, banks will further liberalize their credit scales to gain more credit income, and losses in multi-layer networks will be greater when risks arise.
Despite the downward trend of the macroeconomic, banks’ risk losses are also lower because their interest income is lower, which limits their credit behavior, therefore, their default probability is lower than that of the upward trend. By contrast, under the random macroeconomic trend, banks and firms’ income is in a relatively stable fluctuation state, the overall risk of the multi-layer network system is less than that of upward and downward trends, the overall default probability is also relatively low, and as capital adequacy ratios increase, the default probability of banks reduces as well.
4 CONCLUSION
First, this paper calculates the connection degree between banks and firms, establishes credit linkages between banks and firms, and establishes interbank lending linkages based on interbank lending assets and a probability function. The impact of macroeconomic fluctuations is also examined. Finally, a multi-layer financial network system model is developed based on bank-firm credit networks and interbank lending networks.
Based on the benchmark model, it is discovered that firms with medium and high leverage and small assets are more likely to default under the three macroeconomic scenarios. Moreover, some firms with small assets and low leverage may also be at risk of default. Due to lower profit rates, these defaults tend to occur at the beginning of the upward trend and at the end of the downward trend. It is found that banks with larger assets and more bank-firm credit linkages are more stable. When the macroeconomic trend is upward, banks default on a large scale and then gradually stabilize, whereas when the trend is downward or random, the number of default banks gradually increases and then gradually decreases.
The effect of various parameters on systemic risk in the multi-layer financial network system is then examined, and it is discovered that bank default probability rises when the average leverage of firms increases, then falls, then rises again. The inflection point of the average leverage of firms appears the earliest under a macroeconomic upward trend. It proposes that, when firm leverage is low, banks can loosen loan approval limitations and enhance credit income; when firm leverage is high, banks should closely regulate loan approval and promote access to firm loans to reduce default risk.
In addition, the default probability of banks increases as firm loans to total bank assets rise. Under upward and random macroeconomic trends, banks’ default probability decreases to some extent when the ratio is too high. In the case of upward and random trends, sufficient loan supply allows firms to expand their production inputs, resulting in higher profitability, larger net assets, and capital accumulation, and lower default risks. It is recommended that banks extend loan maturities appropriately to reduce repayment pressure and cope with macroeconomic shocks, while total loans remain stable. The study also shows that improving capital adequacy ratios can help reduce the risk of bank failure under macroeconomic fluctuations, which are important tools for regulators to reduce systemic risk.
This study contributes to the field by constructing a multi-layer dynamic evolution model based on interbank lending and bank-firm credit networks, which can be used to simulate systemic risk. This paper also offers some recommendations for banks to reduce systemic risk. In the future, inter-firm connections will be considered to create a more realistic multi-layer financial network. Furthermore, actual data from the financial system and publicly traded firms can be gathered for empirical analysis.
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FOOTNOTES
1[image: image].
2In previous related studies, the ratio of banks to firms varies. Among Grilli et al. [7], the ratio is 1:20; Riccetti et al. [12], the ratio is 1:25; Di Guilmi et al. [13], the ratio is 1:10; Lux [18], the ratio is 1:40; and De Masi and Gallegati [24], the ratio is 1:80. Despite the different ratio, the number of firms in the financial system is significantly larger than that of banks. Based on these studies, we chose three sets of ratios (1:20, 1:40, and 1:60) for simulation experiments. The results demonstrate a similar trend for the results under varied numbers of banks and firms, and we chose a reasonable ratio.
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