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Abstract

Stress testing is not only an important requisite of the Basel Accord but also essential for global financial stability. We employ Data Envelopment Analysis (DEA) to evaluate the performance of US commercial banks and use our results to propose a framework of slack-based macro stress testing. The financial ratios extracted from the balance sheet are used as the input and output variables in DEA, a tool which assesses the relative efficiency scores of banks with the worst practice frontier (BPF) and global reference. The DEA slack values that mark the distance between the position of the Decision Making Units (DMUs) and the constructed frontier are taken as the stress frontier, which in turn represents the projected distance to bankruptcy. The Bayesian Vector Auto Regressive (BVAR) method is used to describe the relationship between macroeconomic variables and also produce stress testing scenarios. Global efficiency scores become the proxy of bank performance at the individual bank level, and this type of macro-micro model allows us to assess the relationship between financial performance and macroeconomic factors. We calculate the Non-Performance Loans ratio (NPLs) with reference to the DEA slack value in both historical and hypothetical scenarios. We find that the historical scenario of the recent COVID-19 pandemic in particular represents a much more adverse result when compared with hypothetical scenarios, a fact which implies that it is extremely necessary for banks to establish both emergency risk reserves and special reserves in order to adequately deal with unpredictable extreme risk events in future.
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Introduction

In the past 30 years, a number of financial crises which have erupted in developed and developing countries alike have attracted the attention of financial supervisory institutions. The banking industry is one of the most important parts of the global economic system, being responsible for holding the necessary capital liquidity in their vaults, as well as providing diverse financial services. Financial regulators and central banks have devoted much of their time and resources to attempt to effectively monitor bank risk. Stress testing is regarded as an invaluable part of financial institutions’ toolkits, helping reshape their internal models and macro prudential analysis of potential risk and its management.

The importance of macro stress tests was first shown by the Internal Models approach of Basel Ⅱ, with increasing emphasis placed on system and credit risk (Kanas & Molyneux, 2018). Macro stress testing, carried out in the context of the Financial Sector Assessment Program (FSAP), aims to access key risks and vulnerabilities arising from macro-financial linkages, by assessing the impact of exceptional but plausible shocks to the soundness of the financial system, based on several key macroeconomic variables (Calari & Ingves, 2003). In previous literature, stress testing assessment for banks has tended to focus on one of a series of indicators at the individual level, such as Non-Performing Loans ratios (NPLs) or Loan Loss Provision ratios (LLPs). In these cases, changes to macro variables have been linked through either an auxiliary linear regression or nonlinear regression. However, in the event of a major crisis, many normal indicators of a bank’s health will change dramatically, and the bank's real-time performance needs to be accurately and comprehensively reflected by providing as much information as possible. To deal with the limitations in macro stress testing mentioned above, we introduce Data Envelopment Analysis (DEA) into our stress testing framework, and use the relative global efficiency score as an indicator of banks’ performances.

Data Envelopment Analysis (DEA) is a non-parametric quantitative analysis method which measures Decision-making units (DMUs) efficiency by calculating the relative feasibility of transforming multiple inputs into multiple outputs. The DMUs are a set of evaluation object that can be compared between each other and they can be physical units (bank sectors or corporates) or a conceptual object (urban development level). The most efficient DMUs construct an ‘efficiency frontier’ and the resultant efficiency status is shown by comparing relative efficiency scores. Since Sherman and Gold (1985) first used DEA for bank branches analysis, this model and its extended versions have gradually become increasingly popular and versatile tools for studying the performance of the banking industry from many aspects. The evaluation of a bank’s efficiency is an important measure offered by DEA, and previous literature has therefore studied various aspects of banking efficiency in detail, for instance, cost efficiency (Camanho & Dyson, 2005; Shi et al., 2017; Wanke & Barros, 2014), profit efficiency (Gulati & Kumar, 2016; Portela & Thanassoulis, 2007; Ruiz & Sirvent, 2011) and operating efficiency (Giokas, 1991; Lin et al., 2009; Shyu & Chiang, 2012). Another useful application of DEA analysis is bank failure prediction. Barr and Siems (1997) created a DEA failure prediction model to detect early warning signs within a bank’s management structure up to two years prior to insolvency. Furthermore, many other works have applied DEA in the field of prediction and have thus shown that DEA is capable of capturing valuable information related to performance deterioration (Barr & Siems, 1997; Cielen et al., 2004). When banks take on risks both internal and external, their overall performance is liable to change and they may go bankrupt or even fail entirely, in the worst cases. Panel DEA allows the DMUs to establish peer pressure frontiers that are generated by studying historical examples and the worst performance of a given bank when it is exposed to risk pressure. Because the selection of DMUs needs to meet homogeneity requirement, the worst performance on the frontier can be considered the evaluation of DMUs’ performance in the face of extreme risk. The distance from each respective DMU to the frontier can be seen as representing a range within which pressure can still be tolerated, which is in turn expressed as a slack value in different dimensional directions. To ensure that the frontier has enough pressure, the dataset should ideally hold as much information as possible, paying special attention to information about a DMU performance during major financial crises or other catastrophic events. The predictive ability of the DEA model and its ability to distinguish from poorly performing banks are prerequisites for stress testing.

In our study, accounting data is used to capture the off-sheet balance exposures in order to express credit risk stress testing for commercial banks in the US. The full sample consists of 4069 US commercial banks from BankFocus. The objective is therefore to assess the performance of individual banks’ responses to simulated macroeconomic shocks. It has been proven that off-balance sheet commitments can potentially sound the alarm for impending system risk. The efficiency score calculated by the DEA is the result of a comprehensive analysis of financial ratio indicators of each bank. With the worst practice frontier (WPF) built by panel DEA, bad performance banks are put on the frontier and we are able to locate the real stress boundaries of the selected US commercial banks. A successful macro stress testing should be based on the premise that the selection of macro variables must have good predictive power in terms of a bank’s overall performance. Instead of using Vector Auto Regression (VAR), as in much of the extant literature, we construct the Bayesian Vector Auto Regression (BVAR) to more accurately estimate the endogenous relationship between the selected macro variables, and also to make use of its predicted results to be able to simulate various risk scenarios. It is expected that an adverse shock will cause an economic downturn, thereby triggering a slowdown in real output growth, which will then lead to a rise in a bank’s overall losses. Inspired by Wilson (1997a, 1997b), we modify the dependent variable and set up a macro-micro model, which forms the basis of our shock transmission mechanism. In our macro stress testing framework, we show that the WPF DEA has a stressed frontier with a relatively good discrimination power, based on four different panels. Non-Performing Loan ratios (NPLs) are calculated based on the DEA slack values of the NPL’s orientation. We thus find that the recent historical scenario of the global COVID-19 pandemic represents an extreme shock to the financial system when compared with the model’s hypothetical scenario predictions.

The main contribution of this paper can be defined in three separate aspects. Firstly, the macro-micro connection of the macro stress test is not only reflected in the rapid increase in NPLs or LLPs over a short period of time, but it is also reflected in the rapid deterioration of a bank's overall financial situation when exposed to stress. We therefore use the global efficiency scores as calculated by SBM-WPF-DEA as the dependent variable in our stress test model, in order to comprehensively measure the performance of a given bank. The frontier constructed by bad performance observations matches the stressed bankruptcy frontier which does actually exist in the banking industry, a fact which has significant practical implications. Secondly, we combined the two-stage DEA idea with a stress testing framework to broaden the application scenarios for multi-stage DEA. Thirdly, DEA is essentially an optimization problem for mathematical programming, and the slack values are measures of the distance between a single bank to the stress frontier. We estimate the NPLs for each bank based on the slack value from DEA results. Under the assumption of proportional improvement, we simulated a given bank's non-performing loan ratio for the following two years after the introduction of shocks. We find that NPLs generated by the historical scenario simulation, based on the COVID-19 epidemic, exceeded the hypothetical scenarios for two standard deviation shocks over the mean. These results imply that it is necessary to set up emergency loan provisions or major event provisions as a matter of urgency, to be able to adequately deal with extreme unpredicted shocks. The results also provide us with new ideas for regulatory agencies to formulate capital preparation plans.

This paper applies the DEA method to the macro stress testing of 4069 US commercial banks under given macroeconomic variables measuring potential shocks to their internal structure. The rest of the paper is organized as follows: Section 2 introduces relevant conceptual frameworks referenced by the current work, such as the macro stress testing framework, DEA applications in banking industry and some other related studies from this field. Sections 3, 4 and 5 set up the bank-level model, the model which generates the macro scenarios and finally the macro-micro model to link the relationship between the two former models, respectively. In Section 6, we construct various historical and hypothetical scenarios and analyze the changes observed in the NPLs. Section 7 contains our conclusions and implications for future study.

Literature review
Stress testing on banks

In practice, stress testing can be applied both to individual financial institutions at the micro level, as well as offering a macro prudential analysis of other public institutions, such as central banks and international regulatory bodies. There has already been a lot of literature published which reviews and surveys the methodologies of stress testing and compares the theory behind a bank's stress testing methods (Drehmann, 2009; Foglia, 2009; Quagliariello, 2009; Sorge, 2004). As Borio et al. (2014) make clear, however, many scholars have been quick to criticize current stress tests in use, questioning whether the relationship between macro and micro is close enough, and ultimately whether the current macro-stress tests are viable solutions to real-world problems (especially when dealing with major crises).

Early stress testing efforts can be traced back to the Financial Sector Assessment Program (FSAP), established in May 1999 and conducted by the International Monetary Fund (IMF). It is a comprehensive and in-depth assessment of a country’s financial sector, focusing on an assessment of the soundness of its various financial systems. IMF stress tests primarily apply to depository intermediaries, with particular focus on systemically significant banks (both in global terms, or else in terms of the local economy). The program also includes stress tests of non-banks, such as insurance or asset management companies and other non-financial firms, as well as providing estimates of potential areas of stress for individual households (Adrian et al., 2020). Stress testing is also an important part of the Basel Accord. The BASEL Committee for Banking Supervision (BCBS) was set up to implement the agreed-upon BASEL norms all over the world, in an attempt to standardize the practice of risk management on a global scale. Given the increasing importance of stress testing and the rapid evolution of methodological frameworks, BCBS updated their original (2009) stress testing principles in 2018. The principals are guidelines which refer to objectives, governance, policies, processes, methodology, resources, as well as providing the accompanying documentation to help guide financial activities and facilitate their use, implementation and oversight (BCBS, 2018). The Supervisory Capital Assessment Program (SCAP), which was only conducted once by the US Federal Reserve during the period of the last (2008) financial crisis, which was a stress test on the largest 19 US banks to assess the capital buffers of banking institutions. In 2009, to prevent the failure of these institutions, the Federal Reserve established a regulatory framework for the supervision of its largest and most complex financial institutions. This framework refers to related programs, the Comprehensive Capital Analysis and Review (CCAR) and the Dodd-Frank Act Stress Test (DFAST) (Lessambo, 2019). In the CCAR program, supervisors evaluate capital adequacy reports, capital planning processes and capital distributions plans. DFAST uses a standardized set of capital action assumptions to test whether banks have sufficient capital to absorb losses and continue to support operations in adverse economic conditions.

Macro stress testing is a system-wide testing methodology which explores the risk exposure of a given group of financial institutions in “exceptional but plausible” scenarios (Kanas & Molyneux, 2018). In the general macro financial environment, banks are always more vulnerable to deterioration when adverse shocks occur. Therefore, maintaining resilience to risk and shock forms an integral part of bank regulation and supervision (Dua & Kapur, 2018). According to Jones and Hilbers (2004) and Foglia (2009), we conclude the main steps of macro stress testing ,which can be divided into the following parts:
a. Define the objective of stress testing (financial system, individual institution or portfolio) and the risk exposures.
b. Identify the relevant economic factors and set up model to estimate the evolution of economic factors for each scenario selection.
c. Link the macroeconomic variables to the institution or sector variables, and map the shock onto those indicators which reflect the loss.
d. Measure the change of indicator and make assessment based on model results.
e. Account for potential feedback effects or multi-round shocks both within the financial system and from other financial sectors in the real-world economy.

Stress testing financial regulators conduct stress tests in two ways, which can be referred to as ‘top-down’ and ‘bottom-up’. The bottom-up approach is used when banks measure the losses of their portfolios on the individual level, viewed in terms of capital homogeneity assumption, which are then aggregated by the central bank. The top-down approach is based on a bank's balance sheet and estimates the losses or gains of a particular institution or industry.

In the literature related to this topic, there are many methods which have been proposed to construct the macroeconomic circumstances, typically measured as either a structural economic model, a Vector Auto Regressive (VAR) (Afonso et al., 2018; Filosa, 2007; Hoggarth et al., 2005), a Vector Error Correction Model (VECM) (Ardia et al., 2016; Xiao-qi & Dong, 2010) or another kind of statistical method (Brechmann et al., 2013; Koliai, 2016; Liu et al., 2010). The number of macroeconomic variables can be quite large when we allow for those stress scenarios as indicated by supervisory authorities. VAR models are the most widely used model in macro stress testing, since they can capture the endogenous relationship between various macro factors without making any assumptions regarding economic theory. In much of the literature, then, VAR models have been used in a wide variety of forms to study the extent of different applications. Cushman and Zha (1997) used structural VAR to study monetary shocks to small open economies, using Canada as an empirical case. Castrén et al. (2010) linked the Global Vector Auto Regression model (GVAR) to a satellite equation for firm-level Expected Default Frequencies (EDFs), and found that the median EDFs reacted most dramatically to shocks to a country’s GDP, exchange rate, oil prices and equity prices at the aggregate level. Rakotonirainy et al. (2020) used GVAR to analyze the effect of macroeconomic shocks on banking system capitalization, by assessing the banking sector’s credit portfolio in Madagascar. By combining Bayesian theory, Bayesian Vector Auto Regression (BVAR) is shown to ensure a consistent and more accurate forecast for macro economies. Burrows et al. (2012) offered an overview of the Bank of England’s Risk Assessment Model of Systemic Institutions (RAMSI) top-down stress testing model, which generates its own macro financial projections using a medium-scale BVAR on a set of given priors. 

The model which links micro risk to macroeconomic factors is the most useful for macro stress testing. A wealth of research results from cases of macro stress testing on credit risk exists, with most of the extant literature being developed from work done by Wilson (1997a, 1997b) and Merton (1974). In Merton’s model, key market information. such as stock price and bond price, is used to evaluate the overall credit risk. Default is regarded as an option, which is exercised when an asset’s rate of return falls below a certain threshold. In Wilson’s model, the exact loss distribution for any given portfolio is tabulated from correlated credit events of counterparty exposures at the individual account or contract level. The model explicitly links the default rate with macroeconomic variables using a logistic function in its regression analysis. This model is more operational and directive and is widely used in credit risk stress testing by financial institutions, such as the Bank of Finland and the Bank of England. Many credit risk frameworks or models in stress testing have been subsequently developed based on these two original studies. Most related studies use credit risk indicators such as Non-Performing Loan ratios (NPLs) (Babouček & Jančar, 2005; Kalirai & Scheicher, 2002) and Loan Loss Provision ratios (LLPs) (Kosmidou & Moutsianas, 2015; Virolainen, 2004). A financial system’s vulnerability is often calculated by looking at the losses, capital adequacy, default rates or profitability of the banking sector. These are considered alongside other local risk exposures which are in turn influenced by a host of macroeconomic variables including GDP, unemployment, inflation rates, interest rates etc.

DEA in bank performance evaluation and bankruptcy prediction

The global banking industry constitutes an important part of a country’s national financial system and effectively plays an intermediary role in capital operations. The operational efficiency of banks and the continuous improvement of service quality are of course related to the soundness of a country's economic system and its social stability. Berger and Humphrey (1997) analyzed 130 studies which focus on frontier efficiency techniques and their application to financial institutions. Fethi and Pasiouras (2010) presented a survey on the available studies of bank performance, using both operational and artificial research. Paradi and Zhu (2013) surveyed 80 published DEA applications from 24 countries, focusing on the banking industry and also providing many suggestions for future study. 

Data Envelopment Analysis (DEA) is a non-parametric approach which originated from efficiency measuring coming from the industrial sector. With its background of monitoring the function of production, efficiency rates can simply be measured as the ratio of inputs converted to outputs. Over time, this relatively simple idea has evolved to be used in non-industrial sectors, such as banks. Charnes et al. (1978) pioneered the use of DEA methods in measuring the efficiency of industrial organizations under the original production assumption of constant return to scale (CRS), which is known as the CCR model. Sherman and Gold (1985) first used DEA to evaluate the operating efficiency of individual bank branches. In the early period of DEA (1978-1989), researchers used the CCR model to attempt to verify the efficiency of evaluation tools which existed at that time in banks. After 1990, many new versions of DEA were introduced to the field of banking analysis. The Polyhedral Cone-Ratio DEA model is a spread version of the CCR model, one which Charnes et al. (1990) first introduced in order to analyze operational efficiency within the banking industry. The advantage of this model is that the sum form for cones are able to capture exogenous expert opinion with the use of powerful software tools. Berg et al. (1992) first introduced Malmquist index analysis to the study of bank deregulation. By decomposing total growth into frontier growth and the change of distance to the frontier, they found that productivity diminished in the average bank in the period prior to the deregulation, but that it began to rapidly increase after regulation had taken place. 

The two-stage process means obtaining information regarding a bank’s efficiency performance in the first stage, and then adding this into the regression process in the second stage. This two stage process combines other analytical methods with DEA, thus playing a vital role in the model’s application throughout the banking industry. Athanassopoulos (1997) first proposed a two-stage DEA, then Bhattacharyya et al. (1997) conducted research into the effects of liberation on 70 Indian banks with a combination of a two-stage process method and stochastic frontier analysis. They calculated their efficiency scores by using three sources: a temporal component, an ownership component, and a random noise component, and found that publicly-owned Indian banks were in fact the most efficient. Holod and Lewis (2011) proposed an alternative two-stage DEA bank efficiency model which used information on deposits as an intermediate product. Shyu and Chiang (2012) used a three-stage DEA analysis to measure the true managerial efficiency of individual bank branches in Taiwan. Tsolas et al. (2020) used a two-stage hybrid model which integrated an Artificial Neural Network (ANN) with radial and non-radial DEA. Combining different regression analyses is a common approach in multi-stage DEAs, but there has thus far been relatively little literature to have introduced this approach into credit risk stress testing in banking industry. 

The lower a bank’s efficiency, the larger the risk of said bank’s exposure to distress. Failure prediction has always been considered a valuable area of investigation within the banking industry. In much of the previous literature, scholars have studied bankruptcy prediction, and the mainstream methods used have been linear discriminant analysis, machine learning, and models based on risk rates, Probit or Logit. Using DEA in corporate failure and bankruptcy prediction has yielded great results, such as in the works of Liu and Chen (2009); Pille and Paradi (2002); Simak (1999); Sueyoshi (2006). Chiang et al. (2017) used a DEA and financial crisis precaution model to predict technique inefficiency. There is one characteristic common to all DEA-based studies of bankruptcy, which is that the model’s objective is to primarily identify the bad DMUs. This ‘Worst Practice Frontier’ (WPF) was proposed by Paradi et al. (2004), wherein the inefficient DMUs construct the frontier. Conversely, in the original DEA, the frontier constructed by DMUs which perform well is called the ‘Best Practice Frontier’ (BPF). Since the introduction of the WPF, it has been widely used in empirical research. Based on Paradi’s work, Liu and Chen (2009) formulated a WPF-SBM model and proposed the creation of a full ranking technique using the two-stage framework. Li et al. (2017) used a Malmquist WPF DEA to make robust, dynamic predictions about companies. Their framework was then used to inform loan decisions for banks. WPF DEAs help those using them to carry out performance evaluation and thus forecast distress. This kind of discriminative power has since become the pre-requisite for all stress testing tools of this type. 

Methodology
Panel DEA efficiency scores with global reference

Data Envelopment Analysis (DEA) is a nonparametric method of measuring the efficiency of Decision Making Units (DMUs) such as a firm or a public-sector agency responsible for converting inputs into outputs. This method is data-orientated method when multiple inputs and outputs are presented in a set of peer decision-making units (Liu & Chen, 2009). The idea of efficiency measuring using multiple inputs and one output was first proposed by Farrell (1957).Charnes et al. (1978) extended the idea to include multiple outputs, and introduced the first CCR model. Banker, Charnes and Cooper further developed the original CCR model into a BCC model, which resolved the problem that the CCR model could only be applied under the assumption of Constant Return to Scale (CRS) and extend the model to Variable Returns to Scale (VRS). In the production process, we often use the ratio of output over input to measure efficiency. When there are multiple inputs and outputs, the ratio is presented as:

		




where  are inputs,  are outputs, and  and  are the weights for input and output variables. The advantage of DEA is that it automatically builds a precise linear frontier, which is determined by the efficient DMUs using a linear programming approach to achieve a scalar assessment between 0 and 1. This is called the ‘efficiency score.’

In the original idea which emerged from industrial production, the decision maker’s objective is to produce the most products with the fewest ingredients. Divided by the optimal function in DEA, there developed three orientations to analyze : input-oriented, output-oriented and non-oriented models. An input-oriented model aims to decrease the input amounts by as much as possible, while maintaining at least the present output levels, and vice versa for the output-oriented model, etc. Non-orientated models, such as the additive model, combine both input- and output-oriented approaches within a single model. The Slacks-based Measure (SBM) is a units invariant method of evaluating the efficiency of those additive models, first introduced by Tone (2001). This model introduces slack value to present both the input excess and the output shortfalls of inefficient DMUs in a clear way.

The general or non-orientated SBM-VRS-DEA model takes the following form:

		



where  is the input variable vector,   is the output variable vector and  is the weighting vector. The input- or output-orientated SBM model can be defined by neglecting the denominator or numerator of the above objective function. In this study, we construct the WPF DEA and maximize the output side to set up the stress testing frontier, the output-orientated model can be transformed as follows:

		 


If the value of  in the objective function is 1, the evaluated DMU0 is relatively efficient. If it is less than 1, it is relatively inefficient. In the case of BPF, a small  means a better performance.

If the model needs to include observations of a bank’s performance over many years, the dataset must become a panel dataset. One effective way of using the DEA method in panel data is DEA Window analysis, as proposed by Charnes et al. (1984), in which each observation is regarded as a DMU. It is available to make comparisons using a ranking of a DEA’s relative efficiency score from two dimensions simultaneously, in this case in terms of cross-sectionality and time variation. The overall performance of a DMU over a particular period is constructed by evaluating its performance over other periods, as well as the performance of other units. This model can solve the problem posed by small sample sizes, by increasing the number of DMUs (Řepková, 2014). The number of time periods included in the analysis can be set by varying the window width from anything from one individual period to all of the periods focused on in the study. Once the window width has been defined, a DMU can compare its efficiency or performance at different periods with the other DMUs for any time period within the given window. In the case of stress testing, DEA needs to consider all observations available within the data sample, as well as the window width for the sample period.  

[bookmark: _Ref80104797] BVAR model estimation with Independent Normal-Wishart priors
The variation paths of diverse macroeconomic factors operate independently from one other, making it unreasonable to construct simple autoregressive processes for each factor. Sims (1980) introduced a Vector Auto Regressive (VAR) model, which is able to capture the factors influencing the endogenous relationship without taking wider economic theory into consideration. This model has since been widely used and further extended, particularly in macroeconomic applications (Ang & Piazzesi, 2003; Ellington, 2018; Joslin et al., 2013; Koray & Lastrapes, 1989; Rapach, 2001). In VARs, each variable sets up a linear equation wherein the dependent variables are the lags of all the variables in the model’s system.


The general VAR(p) model with endogenous variables and  exogenous variables can be written in the following compact form:

		
	 
In specific forms, such as a matrix, it can be rewritten as:

		
	
Or in the more common compact form:

		

	














Where , is the size of the sample. In this model,  is a  vector containing all the endogenous variables,  is a  vector containing all the exogenous variables, including the constant intercept. The coefficient matrices  is a matrix with dimension of . The error terms  and are also vectors. In fact, in their stacked form we can obtain an OLS estimation in a relatively straightforward manner. The estimation of and the variance of  are derived as:

		

		

From the above structure, the traditional VAR model with K exogenous variables needs to estimate  coefficients, a move which causes a loss of freedom as the number of variables in the system increases, within the limited observations available. In order to improve the forecasting performance of VAR models, Bayesian inference theory is now considered a more attractive prospect. Litterman (1980) and Doan et al. (1984) developed a forecasting procedure for VAR based on the Bayesian method and in particular its likelihood function, which is called the Bayesian Vector Auto Regressive (BVAR) model. They were able to show that BVAR produces more accurate out-of-sample forecasts relative to univariate equations than previous models.



For a general vector of parameters  and a dataset y, let  denote the data density, so that the Bayesian rule can be obtained, according to the basic definitions of conditional probabilities:

		

	


Since  is dependent on , the above equation can be rewritten as:

		 
In the construction of our macroeconomic model, we use the Bayesian Vector Auto Regression model to describe the endogenous relationships among macro variables. BVAR is essentially a kind of traditional VAR expansion model. In Bayesian theory, each parameter of interest is a random variable, characterized by some type of underlying specific probability distribution. The objective is thus to identify these distributions, use them to produce estimations and carry inferences based on the model. The principle of Bayesian analysis is to combine information we already know with the information contained in the new data by setting up the prior distribution of parameters (the likelihood function) in order to more accurately update the distribution, allowing for all information (a technique known as posterior distribution).

When compared with the use of OLS to estimate the parameters, Bayesian estimators are more complicated and burdensome in terms of the algebra and calculating power required, since they take historical information into account. Bewley (2002) pointed out that BVAR can be thought of as a method of alleviating the burden of over-parameterization, which is usually associated either with unrestricted models or with methods of correcting coefficient bias when the time period is nonstationary. Nalban (2015) compared predictive accuracy in the case of density forecasting of Czech and Romanian economic variables. Their results showed that the Bayesian approach to VAR yields a better approximation of the uncertainty surrounding an unknown future, which was thus able to minimize prediction errors. 

BVAR is set up on the basis of the classical VAR model, the key difference being that BVAR assumes that there exists a prior distribution of the parameters, a fact which requires a Markov Chain Monte Carlo method to accurately simulate. There are many kinds of priors which can be selected, but here we compare three of the simplest and most used priors referred to in the relevant literature, these being the Minnesota prior, the Normal-Wishart prior and the Independent Normal-Wishart prior. 




According to Giannone et al. (2015), the selection of priors shares a close relationship with the data sample. One of the most common-sense ways to assess different priors is by making use of out-of-sample forecasting performance, which is summarized as the probability of observing forecast errors. We set up the out-of-sample prediction evaluation method to test the accuracy of the traditional VAR model, as well as the BVAR model with Minnesota prior, Normal-Wishart prior and Independent Normal-Wishart prior. The last  observations are left as the predictable periods, and we set up an estimated period rolling window containing  observations to make a one-step prediction. We then use the mean RMSE of the  times prediction to evaluate the model accuracy separately. The evaluation results shown in Section 5.2 show that the Independent Normal-Wishart prior is the most suitable for our data. The RMSE of h periods forecast for variable j is:

		

When using the Independent Normal-Wishart prior, the coefficients and the error covariance are independent of each other. It is generally accepted that, when using prior distributions, there must be a certain sacrifice of analytical options in order to gain in terms of numerical methods. Assuming  follows a multivariate normal distribution, then analysis can be conducted based on the likelihood function from the data. 

		

		

		


The choice of  and  is arbitrary, for convenience we set them here as the Minnesota prior. The same is also true for the setting of the hyper parameters, following the same technique set out in the guide to the BEAR toolbox (Dieppe et al., 2018). 

	

	Overall tightness
	0.1

	

	Cross-variable specific variance
	0.5

	

	Scaling coefficient
	1

	

	Large variance
	100





Given the, the prior distribution of  under a normal distribution can be obtained with the following:

		
	



When we combine the likelihood function of with the prior distribution, we are able to find the posterior distribution of  with mean  and covariance matrix 


		

		

		

		




The conditional distribution for  can thus be considered an inverse Wishart distribution with scale matrix  and degrees of freedom :

	

		

		

		

		
	
The random draws of the given parameters can then be obtained by using the Gibbs sampling (one of the Markov Chain Monte Carlo methods), and we can use this to build an empirical posterior distribution.

 Bank level variables selection and DEA global efficiency scores
Bank level variables selection

The data related to bank levels were obtained from BankFocus, one of the products from the BVD database, which contains over 70% of banks and provides different bank classification as well as detailed information related to each one. Our sample comprises an unbalanced panel of US commercial banks’ accounting data which gives financial information for the period 2004 to 2020. We use both the interpolation and mean filling methods to deal with missing data, and delete the banks with severe levels of missing observations (over 30%). The sample is constructed by an unbalanced dataset of 4,360 banks, with a total number of 66,697 observations.

The banks fall into three categories, these being ‘active’, ‘active (insolvency proceedings)’ and ‘in liquidation’, where the latter two categories are defined as ‘Failed banks.’ Since DEA needs to satisfy the assumption that all DMUs should be homogeneous and in a similar environment, our samples only include data from commercial banks, and we use Propensity Score Matching (PSM) to decrease the effect of a bank’s scale and other characteristics, in order to shrink the gap of the heterogeneity of individual banks. To avoid the possible skewing effect of the 2008 financial crisis on our dataset, we match the active and failed banks by PSM based on the related information for the year 2004. We construct three datasets which match the number of failed banks and active banks with 1:1, 1:2 and 1:5, by 6 key financial variables (i.e., total assets, operating revenue, net income, Equity, ROE using P/L before tax and the number of employees). The detailed panel construction information in shown in Table 4.1.

[bookmark: _Ref78796761]Table 4.1 Dataset construction results obtained using PSM
	Panel
	A
	B
	C
	D

	
	Active
	Failed
	Active
	Failed
	Active
	Failed
	Active
	Failed

	#N
	291
	291
	582
	291
	1455
	291
	4069
	291

	#obs
	4656
	1593
	9312
	1593
	23280
	1593
	65104
	1593

	Total
	6249
	10905
	
	24873
	
	66697
	


Notes: Panel A shows a 1:1 match result, Panel B a 1:2 match result, Panel C a 1:5 match result and Panel D contains all samples taken together after data treatment. #N is the number of banks and #obs is the number of DMUs.

The selection of input and output variables is a key element of DEA, and from the literature it becomes clear that there are two main approaches to be taken into consideration – production approach and intermediation approach. Berger and Humphrey (1997) proposed the use of both methods in their study. In terms of production approach, banks are considered to be a manufacturer who uses ‘raw materials’, in this case labor and capital, to provide loan and deposit services. In terms of intermediation approach, banks effectively play the role of intermediaries between borrowers and lenders. There is no evidence to show which model is better, however the latter is used more widely in the real world. Holod and Lewis (2011) proposed a new model which treats deposits as intermediation, a shift which means that there is no longer a need to choose between the two approaches when measuring a bank’s efficiency. When DEA is used for predicting failure, the use of financial ratios have proven popular. The information from a bank’s balance sheets reflects their general operations, so their profitability and the financial ratios from their reports become key indicators of a bank’s stability. Using financial ratios to evaluate financial institutions and corporate performance is a universal standard in literature related to financial and accounting practices (Lin et al., 2009; Novickytė & Droždz, 2018; Thompson et al., 1996; Yu et al., 2020). 

The variables from both the input and output sides are taken from the global standard ratios volume in BankFocus, a tool which contains 38 financial ratios divided between four distinct categories to accurately profile a bank’s characteristics. These global standards include ratios which show assets quality, capital, operations and liquidity. Since the database only provides data information for a limited number of years, and some of the ratios or bank records have over 20% missing data, or else have missing data for important time periods such as the 2008/2009 global financial crisis, only 28 financial ratios have been chosen to make up our variable selection pool. The statistics regarding the missing data information are shown in Table 4.2.

[bookmark: _Ref78814085]Table 4.2 Missing statistical
	Full name[footnoteRef:1] [1:  These full names have been extracted from the database, further information can be found at: https://bankfocus.bvdinfo.com/version-2021630/bankfocus/1/Companies/Search/By/GlobalRatios] 

	Short name
	Active Obs
(Total:81920）
	Failed Obs
(Total:1625）
	Missing (%)

	Loan Loss Res. / Gross Loans (%)
	LLRGL
	6174
	10
	7.40 

	Loan Loss Prov. / Net Int. Rev. (%)
	LLPNIR
	5345
	92
	6.51 

	Loan Loss Res. / Non Perf. Loans (%)
	LLRNPL
	12642
	119
	15.27 

	Non Perf. Loans / Gross Loans (%)
	NPLGL
	6232
	119
	7.60 

	NCO / Average Gross Loan (%)
	NAGL
	6208
	88
	7.54 

	NCO / Net Inc. bef. Ln Loss Prov. (%)
	NNLP
	5392
	88
	6.56 

	Impaired loans / Equity (%)
	ILE
	5362
	119
	6.56 

	Unreserved impaired loans / Equity (%)
	UILE
	5238
	10
	6.28 

	Equity / Total assets (%)
	ETC
	5186
	10
	6.22 

	Equity / Net Loans (%)
	ENL
	6172
	10
	7.40 

	Equity / Dep. & ST Funding (%)
	EDST
	5800
	10
	6.95 

	Equity / Liabilities (%)
	EL
	5209
	10
	6.25 

	Cap. Funds / Total assets (%)
	CFTA
	5469
	10
	6.56 

	Cap. Funds / Net Loans (%)
	CFNL
	6341
	10
	7.60 

	Cap. Funds / Dep. & ST Funding (%)
	CFDF
	5964
	10
	7.15 

	Cap. Funds / Liabilities (%)
	CFL
	5475
	10
	6.57 

	Net Interest Margin (%)
	NIM
	5299
	10
	6.35 

	Net Int. Rev. / Average Assets (%)
	NIRAA
	5258
	10
	6.31 

	Oth. Op. Inc. / Average Assets (%)
	OOIAA
	5189
	10
	6.22 

	Non Int. Exp. / Average Assets (%)
	NIEAA
	5186
	10
	6.22 

	Pre-Tax Op. Inc. / Average Assets (%)
	PTOIAA
	5455
	11
	6.54 

	Return on Average Assets (ROAA) (%)
	ROAA
	5186
	11
	6.22 

	Cost to Income Ratio (%)
	CIR
	5268
	10
	6.32 

	Recurring Earning Power (%)
	REP
	5186
	10
	6.22 

	Net Loans / Total assets (%)
	NLTA
	5233
	10
	6.28 

	Net Loans / Dep. & ST Funding (%)
	NLDF
	5816
	10
	6.97 

	Net Loans / Tot. Dep. & Bor. (%)
	NLTDB
	5736
	10
	6.88 

	Liquid Assets / Dep. & ST Funding (%)
	LADF
	5800
	10
	6.95 

	Liquid Assets / Tot. Dep. & Bor. (%)
	LATDB
	5689
	10
	6.82 







Although the inclusion of more input and output variables gives the DEA model access to more information, meaning that the frontier will therefore include more DMUs, there also exists a ‘dimension curse’ within the model. in much of the DEA literature there is a debate as to the optimal number of inputs and outputs to be used in data analysis. However, there are some concrete empirical studies which discuss the number of DMUs versus the number of input and output variables, such as Dyson et al. (2001) and Homburg (2001). The most reliable guide is that the rule of thumb should be ‘’, proposed by Cooper et al. (2007), where  and  are the number of inputs and outputs, and  is the number of DMUs. Our sample largely satisfies this general rule of thumb, since the importance of the variables varies for different panels. What is more, we further filter the variables in order to find the most stable ones.
 
Table 4.3 Variable importance results for different panels
	Variables
	Panel A
	Panel B
	Panel C
	Panel D

	LLRGL
	0.038
	0.039
	0.044
	0.047

	LLPNIR
	0.076
	0.074
	0.079
	0.074

	LLRNPL
	0.038
	0.038
	0.042
	0.047

	NPLGL
	0.078
	0.081
	0.072
	0.065

	NAGL
	0.032
	0.037
	0.045
	0.049

	NNLP
	0.033
	0.035
	0.042
	0.047

	UILE
	0.077
	0.103
	0.103
	0.087

	ENL
	0.148
	0.124
	0.094
	0.083

	EL
	0.060
	0.061
	0.062
	0.059

	CFTA
	0.039
	0.043
	0.047
	0.049

	CFDF
	0.035
	0.040
	0.043
	0.046

	NIM
	0.062
	0.058
	0.059
	0.063

	NIEAA
	0.043
	0.041
	0.044
	0.050

	ROAA
	0.084
	0.077
	0.076
	0.077

	CIR
	0.044
	0.043
	0.047
	0.053

	NLTA
	0.060
	0.053
	0.052
	0.054

	NLDF
	0.053
	0.054
	0.049
	0.051




Figure 4.1 Relative importance of variables

The variables with a high correlation (over 70%) are randomly selected, and we attach a ‘bad’ label to those failed banks. We then calculate the characteristic importance by using a Random Forest algorithm. The results show that the rank of importance of the remaining 17 variables is inconsistent for the different panels, however the first five variables are stable in terms of their importance, i.e., ENL, ROAA, LLPNIR, NPLGL and UILE, as shown in the above radar chart. Since the objective is to construct the ‘stress frontier’, following Paradi et al. (2004), we use WPF-DEA, in which the output variables are related to failure,. The idea here is to construct the frontier by using as many of the failed DMUs as possible. Table 4.4 shows the statistical variables used in our DEA model.
[bookmark: _Ref78814310]
Table 4.4 Bank level selected variables statistical description (%)
	Panel
	Statistics
	NPLGL
	UILE 
	LLPNIR 
	ROAA 
	ENL 

	A
	 Mean
	2.67 
	14.65 
	18.93 
	0.44 
	19.33 

	
	 Std.
	4.11 
	60.55 
	40.35 
	1.72 
	16.85 

	
	 Min
	0.01 
	-17.83 
	-12.08 
	-7.30 
	2.12 

	
	 Max
	22.57 
	418.26 
	238.93 
	3.30 
	124.70 

	B
	 Mean
	2.18 
	7.56 
	13.95 
	0.65 
	19.97 

	
	 Std.
	3.32 
	39.29 
	30.38 
	1.43 
	15.13 

	
	 Min
	0.01 
	-17.59 
	-13.04 
	-6.31 
	3.47 

	
	 Max
	19.14 
	282.67 
	193.71 
	3.24 
	109.69 

	C
	 Mean
	1.81 
	2.69 
	10.40 
	0.81 
	20.64 

	
	 Std.
	2.58 
	20.59 
	20.68 
	1.11 
	14.76 

	
	 Min
	0.01 
	-16.48 
	-10.67 
	-4.71 
	5.52 

	
	 Max
	15.43 
	142.95 
	140.59 
	3.10 
	102.50 

	D
	 Mean
	1.63 
	6.81 
	8.92 
	0.91 
	29.28 

	
	 Std.
	2.54 
	1356.10 
	27.10 
	1.20 
	1000.17 

	
	 Min
	0.00 
	-83700.00 
	-2564.76 
	-25.07 
	-13.93 

	
	 Max
	100.00 
	336000.00 
	2718.80 
	51.36 
	226000.00 

	Output/Input variable in DEA model
	Output
	Output
	Output
	Input
	Input



The ratio NPLGL (Non-Performing Loans / Gross Loans), or NPLs, is a measure of the amount of total loans which may not be repaid on time, so the lower this ratio the better the quality of the asset. Non-performing loans occur when a borrower finds themselves in default, because they have not made the scheduled payments on time. NPLGL is one of the key ratios to help determine both credit risk and asset quality. The UILE ratio (Unreserved Impaired Loans / Equity) is also known as the Capital Impairment ratio, and shows the relationship between a bank’s equity and the impaired loans on its books, which represent a drain on the bank’s reserves. The LLPNIR ratio (Loan Loss Provision / Net Interest Reserve) describes the relationship between provisions in the profit and loss account and the income from interest over the same period. The loan loss provision is set as an allowance for uncollected loans and loan repayments, and is used to cover different kinds of loan losses. Banks are therefore required to take potential loan defaults and expenses into consideration to ensure the accuracy of the assessment of their own financial health. As such, this ratio is a signal of potential risk to a bank. If the ratio has a high value, this means that the risk is not being properly remunerated by the bank’s margins. The ROAA ratio (Return on Average Asset) is the most widely used and important measure of efficiency and operational assessment in both the banking and other business sectors. It shows how well a bank uses its assets to generate profits by making comparisons with competitors within the banking industry. The ENL ratio (Equity / Net Loans) measures a bank’s available equity cushion which can absorb losses from unpaid loans. In practice, if the value of the collateral exceeds the value of the creditor's claim, the excess value is treated as an equity cushion which sufficiently protects the creditor, without the need for further protections. 

From the definitions given for each selected financial ratio, we can see that the NPLGL, UILE and LLPNIR ratios are negatively related to a bank’s operational performance, whereas the other two, ROAA and ENL, are positively related to a bank’s health. In order to effectively verify this economic intuition, we also use logit regression to justify the negative or positive relationship. The regression results for the four panels are indeed consistent with our initial judgment. 

[bookmark: _Ref78832676]DEA global efficiency scores evaluation 

DEA can calculate efficiency scores based on different combinations of both reference and evaluation sets. To be able to construct a stable stress testing frontier, we need to first consider all those cases of failed banks taken from our sample periods. We can thus calculate the global efficiency scores from which the reference set is constructed, by using all the DMUs in our panels. The scores are calculated by using MaxDEA 8 Ultra software[footnoteRef:2]. We set up four DEA models, and the scores for their respective statistical descriptions are shown in Table 4.5. Since we applied WPF-DEA, if the score is higher, the bank will show a worse performance. This is yet another advantage of using the DEA method, since the score rank can be used to make useful comparisons between banks.  [2:  http://maxdea.com/MaxDEA.htm] 


[bookmark: _Ref78821629]Table 4.5 DEA global efficiency score statistical description
	
	Panel A
	Panel B
	Panel C
	Panel D

	Obs
	6249
	10905
	24873
	66697

	Mean
	0.0521
	0.0497
	0.0552
	0.0700

	Std.
	0.1242
	0.1184
	0.1137
	0.1153

	Min
	0.0001
	0.0001
	0.0001
	0.0001

	25%
	0.0072
	0.0089
	0.0130
	0.0203

	50%
	0.0142
	0.0175
	0.0253
	0.0384

	75%
	0.0306
	0.0338
	0.0463
	0.0679

	Max
	1.0000
	1.0000
	1.0000
	1.0000



We make the initial t-test and calculate the AUC value of all four panels to show that the global efficiency scores have good discrimination power and are also effective in evaluating a bank’s performance. Considering that a bank’s failure is the result of a process, we are able to set three ‘failed’ labels (lag 1, lag 2 and lag 3) to observe those banks who ended up failing after a period of one, two and three years respectively. As Table 4.6 shows, the t-tests of these three labels are all significant, with a 1% confidence level for all four panels. We can see that the scores related to the year immediately preceding eventual failure have the biggest mean difference for all four panels, and we also see that the mean difference increases when more active observations add into evaluation. The process leading up to a bank failing follows a series of predictable stages, with its worst performance being reported in the last year before exiting the financial markets. When the sample is not well balanced, whichever panel has more active observations has the best chance of enhancing the bank’s systemic performance at the mean level. The relative efficiency scores will change and the panel with more active observations may be able to capture higher efficiency scores compared to the smaller panels. 

[bookmark: _Ref78822441]Table 4.6 T-test of global efficiency scores on different panels
	Panel
	Failed label 
	Active
	Failed
	Mean Difference

	
	
	#observations
	Mean
	#observations
	Mean
	

	A
	lag 1
	5958
	0.034
	291
	0.413
	0.379***

	
	lag 2
	5667
	0.026
	582
	0.304
	0.278***

	
	lag 3
	5376
	0.022
	873
	0.235
	0.213***

	B
	lag 1
	10614
	0.037
	291
	0.499
	0.462***

	
	lag 2
	10323
	0.031
	582
	0.377
	0.345***

	
	lag 3
	10032
	0.028
	873
	0.294
	0.265***

	C
	lag 1
	24582
	0.048
	291
	0.621
	0.573***

	
	lag 2
	24291
	0.045
	582
	0.492
	0.447***

	
	lag 3
	24000
	0.043
	873
	0.392
	0.349***

	D
	lag 1
	66406
	0.067
	291
	0.726
	0.659***

	
	lag 2
	66115
	0.065
	582
	0.608
	0.542***

	
	lag 3
	65824
	0.064
	873
	0.497
	0.433***


Notes: ***means p<0.01,**means p<0.05,*means p<0.1.
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[bookmark: _Ref78822795]Figure 4.2 ROC curve of different lags and panels

The Receiver Operating Characteristic (ROC) curve, also called the sensitivity curve, is drawn according to a sequence of cutoff values, with the true positive rate on the vertical axis and the false positive rate on the horizontal axis. The AUC (Area Under Curve) is the area under the ROC, and it gives a direct value between 0 and 1 to assess a given model’s predictive power. A higher AUC value implies that the ROC is closer to the left upper corner, and that the model has a better predictive power. The ROC curve used in our study, along with the AUC value of 3 labels on four panels, are shown in Figure 4.2. The highest AUC is recorded in the largest panel (Panel D) since there are 65,104 active observations, but only 1,593 failed observations. It is therefore important to pay more attention to the smallest panel (Panel A) whose results show that an AUC with lag 3 is equal to 0.872, evaluation results which represent a solid prediction of a bank’s failure three years before the fact. Indeed, the excellent discriminative power of global efficiency scoring is a pre-requisite for all stress testing frontier construction. In WPF, inefficient DMUs will construct the frontier with scores close to 1. We must acknowledge that all models cannot describe reality perfectly, so it must be acknowledged that, accordingly, the same, DEA model cannot sure that all the failed observations on the frontier or no active observations on the frontier. After verification, 100%, 100%, 94.6% and 80% of the DMUs on the frontier are failed observations for Panels A, B, C and D respectively. The frontier can therefore be seen as the ‘stress frontier.’

Macroeconomic model estimation
Macroeconomic variables selection and stationarity testing

The selection of macroeconomic variables is based on stress testing literature and the factors which influence a bank’s instability, when taking evidence from previous years into account. Following the method of modeling macroeconomics found in the literature, data is most frequently harvested on a quarterly basis, so we too transformed our original annual and monthly data into quarterly time segments before fitting them into our BVAR model.

Festić et al. (2011) reviewed the empirical literature on the relationship between macroeconomics and banking system risk indicators. The choice of macroeconomic variables should be made according to the background and the settings of the model. In this study, we choose three variables from the common macroeconomic factor pool: real GDP growth (calculated by the difference of log form vs real GDP), unemployment rate and the effective federal funds rate. GDP reflects the economic status of a country or a region, and is used as a determining factor in over 95% of all macroeconomic research studies. It is a basic indicator of the health of the economy, and can be found to be represented in either log-formed GDP or GDP growth rate forms in the related literature. The unemployment rate reflects the overall status of the labor market, and it is always a lagging indicator. As the proxy of interest rates, the effective federal funds rate is of central interest to study of the US financial markets in particular, and it also guides the trend and development of both short-and long-term interest rates over time.  
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Figure 5.1 Macro variables time series

These three macro factors are also included in the following macro-micro model to show how macro shocks are transmitted to individual banks. According to the seminal work of Engle and Granger (1987), in order to avoid any spurious regression and maintain a model’s effectiveness, the stationary features of the three selected macro factors are duly checked by ADF, KPSS and PP tests. According to the test results shown in Table 5.1, log transformed GDP and federal effective interest rates are nonstationary at the 5% level, but become stationary after the first differencing. The three variables cover the period of 1970Q1 to 2020Q4, giving a total of 203 quarterly observations after first differencing. Table 5.2 shows the statistical descriptions for each test.

[bookmark: _Ref78827864]Table 5.1 Unit root test result
	Macro
variables
	ADF test
	KPSS test
	PP test
	Conclusion

	
	statistic
	p
	statistic
	p
	statistic
	p
	

	lnGDP
	-1.23
	0.90
	2.30
	0.01
	-1.23
	0.98
	Non-stationary

	Interest
	-1.57
	0.50
	1.60
	0.01
	-18.03
	0.10
	Non-stationary

	Unemployment
	-3.51
	0.01
	0.19
	0.10
	-24.86
	0.02
	Stationary

	D_lnGDP
	-3.84
	0.00
	0.07
	0.10
	-220.05
	0.00
	Stationary

	D_Interest
	-6.05
	0.00
	0.03
	0.10
	-147,4
	0.00
	Stationary


(Notes: the null hypothesis of both the ADF and PP test is that the series is non-stationary, whereas the hypothesis of the KPSS test is that the series is stationary. Here the maximized lags is 8.)
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Figure 5.2 Stationary macro variables time series

[bookmark: _Ref78828042]Table 5.2 Macro stationary time series variables statistical description
	
	count
	mean
	std
	min
	25%
	50%
	75%
	max
	Skewness
	Kurtosis

	D_lnGDP (%)
	203
	1.49 
	1.33 
	-9.94 
	1.00
	1.38
	1.90 
	8.12
	-2.28
	31.67

	Unemployment (%)
	203
	6.24 
	1.67 
	3.60 
	5.00 
	5.87 
	7.33 
	13.07 
	0.85
	3.70

	D_Interest (%)
	203
	-0.04 
	0.94 
	-3.99
	-0.27 
	0.00 
	0.30 
	6.02 
	0.42
	13.88



Order selection and BVAR estimation[footnoteRef:3] [3:  BVAR estimation is done by BEAR toolbox in Matlab. The program is created by B. Blagov, M. Cheulte and B. Schumann. ] 


Lag length can be determined by using the classical VAR model, and the three most commonly used criteria results are shown in Table 5.3, including Akaike Information Criteria (AIC), Hannan Quinn Information Criteria (HQIC) and Schwarz Bayesian Information Criteria (SBIC). From Table 5.3 below, we can see that the three different criteria determine different lag orders. Our estimation method is based primarily on Bayesian theory, and since Carriero et al. (2015) found that shorter lags produce more accurate forecasting results, we therefore choose 2 lags in our BVAR model.

[bookmark: _Ref78828866]Table 5.3 Order selection criteria results
	Lag
	LL
	AIC
	HQIC
	SBIC

	0
	-127.684
	9.872
	9.892
	9.922

	1
	127.051
	7.483
	7.564
	    7.684

	2
	187.050
	    7.014
	7.157
	 7.366*

	3
	202.101
	6.989
	7.193
	7.492

	4
	231.582
	6.858
	7.123*
	7.512

	5
	249.463
	6.837
	7.163
	7.643

	6
	263.214
	6.854
	7.242
	7.811

	7
	280.151
	    6.795*
	7.243
	7.902

	8
	287.332
	6.817
	7.326
	8.076


Notes: * marks the optimal lag order.



Before model estimation, we need to select the prior to be used in our BVAR. As the approach outlined in section 3.2, we make out-of-sample prediction evaluation. The prediction times is 20 and rolling window width is 183, which means and . The window rolls from 1970Q2 and makes a one-step prediction. We then use the mean RMSE for the 20 prediction occurrences to evaluate the model accuracy separately. For example, if we make a prediction of the macroeconomic variables for 2020Q4, we can use the time-series data over the period from 1975Q1 to 2020Q3, and thus calculate the MSE using the difference between the predicted value and the true value of one (quarterly) period after the estimation window. The mean RMSE taken from 20 separate prediction occurrences for each of the three selected macroeconomic variables is shown in Table 5.4. We can state that our evaluation results are indeed consistent with the literature, which shows that BVAR prediction is more accurate than the classical VAR method. From among the three most common priors, a BVAR with an Independent Normal-Wishart prior is more suitable than the other two priors according to our results. 

The macroeconomic variables’ relationship is described by the BVAR model with Independent Normal-Wishart prior, with 8,000 times iteration and 2,000 burn in draws. We use 204 samples from 1970Q1 to 2020Q4 to estimate the macroeconomic model, which is in line with the so-called ‘super parameters’ as applied in most of the related literature. The estimated results are shown in Table 5.5.

[bookmark: _Ref78830634]Table 5.4 RMSE evaluation of VAR and BVAR
	Variables
	VAR(OLS)
	BVAR

	
	
	Minnesota
	Normal-Wishart
	Independent Normal-Wishart

	D_lnGDP
	1.748
	1.584
	1.569
	1.437

	Unemployment
	1.292
	0.912
	0.964
	0.906

	D_Interest
	0.684
	0.230
	0.264
	0.227











[bookmark: _Ref78830051]Table 5.5 BVAR estimation results
	Variables
	D_lnGDP
	
	Unemployment
	
	D_Interest
	

	
	Coef.
	Std.
	t-value
	
	Coef.
	Std.
	t-value
	
	Coef.
	Std.
	t-value
	

	Constant
	-0.208
	0.312
	-0.667
	
	0.689***
	0.198
	3.480
	
	-0.035
	0.227
	0.154
	

	D_lnGDP(-1)
	0.281***
	0.049
	5.735
	
	-0.027
	0.024
	-1.125
	
	0.026
	0.028
	0.929
	

	D_lnGDP(-2)
	0.135***
	0.036
	3.722
	
	0.020
	0.014
	1.429
	
	0.006
	0.016
	0.375
	

	Unemploy(-1)
	0.229***
	0.050
	4.640
	
	0.962***
	0.042
	22.90
	
	-0.013
	0.037
	0.351
	

	Unemploy(-2)
	-0.061
	0.037
	-1.649
	
	-0.069*
	0.037
	-1.865
	
	0.006
	0.027
	0.22
	

	D_Interest(-1)
	0.037
	0.053
	0.698
	
	-0.035
	0.032
	1.094
	
	0.385***
	0.058
	6.638
	

	D_Interest(-2)
	-0.031
	0.032
	-0.969
	
	-0.021
	0.020
	1.05
	
	-0.081**
	0.040
	-2.025
	

	Observations
	201
	
	
	Overall tightness
	
	0.1
	
	
	

	Cross-variable weighting
	0.5
	
	
	Lag decay
	
	1
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Figure 5.3 Model fitted figure


Impulse response analysis 

BVAR models are used for forecasting, as well as a tool to identify structural shocks and assess the mechanism of risk transmission. The idea of impulse response analysis is related to the study of the dynamic effect of shocks. Under the assumption that the model is estimated to be in a stable state (each variable keeps the same value over time) and the error terms have zero values at every period, if a one-time shock to a single variable occurs at period t，then the effect of this shock will clearly affect all the variables in this system over the subsequent time periods.

The shock of each variable is identified with a standard recursive identification scheme. The blue lines in Figure 5.4 show the median, and the shadows show the 5th and 95th percentiles of the posterior distribution of the impulse response. From the figures below, a standard deviation shock in the D_lnGDP generates a contraction in unemployment rates and an increase in D_interest. We can conclude that a country’s unemployment rates need more time to recover compared to the other two shocks, whereas the other two variables need a shorter time to get back to a more stable state after a shock.
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[bookmark: _Ref78832305][bookmark: _Ref78832290]Figure 5.4 Impulse response analysis 
The macro-micro model and stress testing 
Macro-micro model: panel regression estimation
Standard macro econometric models do not include information on financial institutions or the relevant sector variables, which is why some other types of auxiliary model may need to be introduced to better map the effects of key macroeconomic variables or more accurately measure asset quality and potential credit losses. It is important that the relationship in the model be consistent with accepted economic theory and provide plausible estimations given different scenarios. This approach is referred to as a ‘macro-micro model’ in our study.

Since the DEA’s global scores reflect an individual bank’s performance based on its balance sheet information and time horizon variations, here we extend an idea originally posited by Wilson (1997a, 1997b) to construct a macro-micro model in order to trace links between individual bank risk and macroeconomic variables. The difference in our study is that the dependent variable is in fact the DEA global efficiency score we calculated in Section 4.2, as opposed to the log-transformed probability of default (PD). We think that a bank’s performance is not only affected by macroeconomic circumstances, but also by the individual bank’s performance itself. The current study takes global efficiency scores to be its dependent variable, and the explanatory variables considered include bank level financial ratios and macroeconomic variables. The macro-micro model can be simplified as:


	

In this model, the global efficiency scores are specified as a function of individual banks’ financial performance ratios we use in our DEA output side (NPLGL, UILE and LLPNIR). These reflect the credit risk to a bank’s assets. The key macroeconomic variables used here are the three macroeconomic variables we use in the BVAR model, which represent information related to the general growth of the economy, financial market interest indicators and employment statuses. In this section, we firstly use Panel A to estimate the panel data regression, because the sample is well balanced for the ratio of active banks to failed banks (in this case it is equal to 1:1). We are able to estimate the worst-case scenario, that half of the banks in the study will end up failing. Then in Section 6.2, we re-estimate the macro-micro model using three different panels after having added further active observations into our model.

The Ordinary Least Square method (OLS) is commonly used in studies, as it is relatively unbiased and generally effective. If we focus on the panel regression itself, we see that there are three competing OLS models, namely the pooled OLS model, the random effect model and the fixed effect model. The pooled OLS model may be regarded as the classical OLS model, which ignores the nature of panel data and assumes that the error term will obey strict exogenous conditions, and that they will be identically and independently distributed. The fixed effect model assumes that there exists an unobserved individual effect which is not included in the regression, while the random effect model considers the complicated error term to have autocorrelation. In order to avoid the problematic effects of auto regression, cross-sectional correlation and heteroscedasticity on short panel regressions, we apply the Driscoll-Kraay standard error method (Driscoll & Kraay, 1998). Then we use a further two tests to choose the best model to be used in our stress test. The Breuch-Pagan LM test (Breusch & Pagan, 1980) is used to discriminate between the pooled OLS and Random effect models, and the Hausman test (Hausman, 1978) is used to discriminate between the fixed effect model and random effect model. The data used in panel regression is still unbalanced since the failed banks report no observations after becoming bankrupt or liquidating their stocks. Due to the property inherent to DEA scores, that they are within the interval of [0,1], the resulting coefficient estimations are both too small and too similar, so to counteract this, we multiply the DEA score by 100 before regression, and the coefficients are also expanded 100 times. This treatment does not affect the predicted value and overall quality of the stress testing assessment. The basic standard panel regression model can be listed as follows: 

Pooled OLS:


Random effect model:


Fixed-effect model:








The above equation reflects the relationship between macroeconomic factors, bank characteristics and their associated efficiency scores given different intercept structures. The subscript  indicates an individual bank, and  indicates a time period. In the random effect model,  is the constant and  is an individual random term. In the fixed effect model,  is the constant term within a group, and is only related to an individual, not the time period. 



The independent variables  represent the vector of the bank characteristic variables.  is the vector of macroeconomic variables and  is the error term.

The three competing panel regression model estimation results and the model selection test results are both shown in Table 6.1. According to economic theory, both stable and increasing GDP growth rates and a lower unemployment rate all imply a better state of the general macroeconomic environment. When the economy collapses, central banks will decrease interest rates to try to stimulate consumption and encourage corporate lending, thereby boosting confidence in the financial market, a truth which is borne out by our results. Our regression results also reveal that GDP growth rates and changes to interest rates are negatively related to DEA efficiency scores, but that unemployment rates are positively related. Given that within a selected time period there exists series correlation, coupled with the fact that macroeconomic factors engender a lag effect, we also initially tried adding the first order lag terms of various macroeconomic factors into our models, but the regression results of columns (2), (4) and (6) in the below table tell us that the coefficients of one-lag terms are not significant for all three models. There may be two reasons for this. One is that we make use of annual data in our estimations, due to the limited availability of quarterly data from the banks in our study. Unfortunately, annual data gives a weaker lag effect than the quarterly data used in most of the related literature. The other reason may come from the production theory set out in DEA, that efficiency scores should be calculated using the optimal weighting of ingredients (input), and that the products (output) and the current time period have a much more significant effect on prediction results than past time periods. 

In the case of WPF, its higher DEA efficiency score implies that the bank’s situation inevitably become worse, so if the external economic environment is in a downturn, with many indices deteriorating simultaneously, such as a drop in interest rates, a rise in unemployment rates and stunted GDP growth. The three variables in DEA from the output side are NPLGL, LLPNIR and UILE. These represent financial ratios which have a close link to a bank’s asset quality. From our regression results we find that these three independent variables on the output side are all significant, with a 1% confidence level in all 6 models. This means that our DEA scores demonstrate a good interpretative power when assessing the credit risk for banks. The R-square is very similar in all six different models. Our choice of model to be used for stress testing was decided by utilizing both the Breuch-Pagan LM and Hausman tests, and the results given show that both tests reject the null hypothesis. This is why the fixed effect column (5) was ultimately chosen as the macro-micro model in our stress testing practice. 
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	Model
	Pooled
(OLS)
	Random Effect 
 (GLS)
	Fixed Effect
(Within group)

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	NPLGL
	0.368***
(0.068)
	0.390***
(0.064)
	0.391***
(0.080)
	0.414***
(0.080)
	0.403***
(0.053)
	0.421***
(0.059)

	LLPNIR
	0.112***
(0.012)
	0.114***
(0.013)
	0.116***
(0.012)
	0.117***
(0.014)
	0.119***
(0.011)
	0.119***
(0.011)

	UILE
	0.119***
(0.013)
	0.117***
(0.013)
	0.118***
(0.012)
	0.116***
(0.012)
	0.117***
(0.010)
	0.116***
(0.010)

	D_lnGDP
	-0.120**
(0.046)
	-0.184
(0.114)
	-0.108**
(0.038)
	-0.219**
(0.085)
	-0.098**
(0.034)
	-0.220*
(0.104)

	D_interest
	-0.086
(0.059)
	-0.092***
(0.031)
	-0.110**
(0.049)
	-0.114***
(0.026)
	-0.123***
(0.036)
	-0.122***
(0.029)

	Unemployment
	0.127*
(0.063)
	0.277*
(0.140)
	0.128*
(0.062)
	0.311
(0.090)
	0.131**
(0.051)
	0.307**
(0.123)

	D_lnGDP (-1)
	
	-0.018
(0.063)
	
	-0.029
(0.062)
	
	-0.027
(0.076)

	D_interest (-1)
	
	-0.071
(0.136)
	
	0.000
(0.127)
	
	0.022
(0.127)

	Unemployment（-1）
	
	0.090
(0.094)
	
	0.141
(0.088)
	
	0.148
(0.110)

	Cons
	1.579***
(0.415)
	2.178**
	1.403***
(0.344)
	2.097***
(0.476)
	1.341***
(0.344)
	2.007**
(0.713)

	#Obs
	6249
	5667
	6249
	5667
	6249
	5667

	#banks
	582
	582
	582
	582
	582
	582

	R-squared
	0.908
	0.910
	0.908
	0.910
	0.894
	0.886

	F statistic
	11943.32
	38640.42
	
	
	17629.54
	75889.34

	Prob>F
	0.000
	0.000
	
	
	0.000
	0.000

	Wald statistic
	
	
	81839.71
	362301.51
	
	

	Prob>Chi_square
	
	
	0.000
	0.000
	
	

	Model selection test

	Breuch-Pagan LM test
	Chi-square=106.03
	Prob>Chi-square=0.000

	Hausman test
	Chi-square=40.85
	Prob>Chi-square=0.000


Notes: ***denotes statistical significance at 1% level, **denotes statistical significance at 5% level, *denotes statistical significance at 10% level.

Robust estimation test using three other panels
Panels B, C and D gradually expand the number of active observations we are able to repeat in our panel regression model selection from among the three competing models, and the results from all the tests done reveal the fixed effect model to still be the best overall choice. The fixed effect model results on the three panels are displayed in the following Table 6.1 .  

Table 6.2 Fixed effect model estimation on the other three panels
	Dependent variable:
Global efficiency score
	Panel B
	Panel C
	Panel D

	
	Coef.
	Std.
	Coef.
	Std.
	Coef.
	Std.

	NPLGL
	0.309***
	0.068
	0.328***
	0.052
	2.761***
	0.003

	LLPNIR
	0.151***
	0.014
	0.225***
	0.015
	0.121***
	0.000

	UILE
	0.181***
	0.016
	0.325***
	0.039
	0.000
	0.000

	D_lnGDP
	-0.064**
	0.030
	-0.090***
	0.028
	0.042
	0.164

	D_interest
	-0.106**
	0.044
	-0.211***
	0.052
	-0.429***
	0.001

	Unemployment
	0.094*
	0.045
	0.052
	0.039
	0.339***
	0.001

	Cons
	1.621***
	0.281
	2.349***
	0.295
	-0.853
	0.009

	Obs
	10905
	24873
	66697

	# Groups
	873
	1746
	4360

	Within R-squared
	0.890
	0.861
	0.600

	F statistic
	11279.37
	4253.86
	456.89

	Prob>F statistic
	0.000
	0.000
	0.000


Notes: ***denotes statistical significance at 1% level, **denotes statistical significance at 5% level, *denotes statistical significance at 10% level.

The regression results show that when the number of both active and failed observations are extremely unbalanced, the statistical significance of the variables’ coefficients change, and the relation with macroeconomic variables is therefore inversed, as shown in Panel D. In addition, the R-square in the model used for Panel D is only 0.600, so the interpretative capacity of the independent variables decreases as the active observations increase. Panel D is the panel which contains all samples without PSM, so the DMUs may here show a more significant discrimination in terms of scale, operational performance, profit ability etc. The necessary assumptions of the DMU therefore cannot be satisfied, the macro-micro model is also influenced and becomes unstable. Although some coefficients are not statistically significant, the task of the macro-micro model is to make predictions about stress, but luckily our model can still be used, since the unobservable factors have been included in the constant term. 

Scenario selection and stress testing 

The setting of stress scenarios is a key part of the stress testing process, because it represents abnormal operating conditions. The scenario design of stress testing requires the inclusion of extremes which must be achieved within a plausible range, otherwise understood by the term ‘severe and plausible.’ This need places higher requirements on the design of stress scenarios. The selection of scenarios depends on specific, localized macroeconomic circumstances pertaining to each country, according to data availability.

In the previous section, we set up the DEA global efficiency scores by using both a macroeconomic prediction model and a macro-micro model. Adverse scenarios contain hypothetical future paths for a given set of economic variables, which are expected to place stress on bank business models and eventually lead to losses. The scenarios designed for these models are generally much worse than central authorities’ expectations about how economic activity and financial market developments are likely to turn out. In stress testing frameworks, two scenario design analyses are included, namely historical scenario analysis and hypothetical scenario analysis. In the first method, the logic is that those scenarios which may occur in the future should reasonably have already happened in the past and based on the empirical judgment of the model’s designer. During the height of the COVID-19 period, for example, the US economy experienced an extreme shock, evidenced by a lower real GDP growth rates, lower interest rates and higher unemployment rates. The overall economic effect of COVID-19 has already proven itself to be more impactful than the global financial crisis of 2008. The most extreme values for all three macro variables we selected have all occurred during the coronavirus pandemic, so we choose the 2020Q2 scenario as our preferred historical scenario. 

In the hypothetical scenario design, following the study of Vazquez et al. (2012), we add two standard error scale shocks to the mean value on our three macroeconomic variables separately in the BVAR model, and use them to make predictions for the next two years. In each scenario, we evaluate the stress testing results on the slack-based NPLs estimation. NPLs is a key indicator which reflects the banking system’s credit risk, and it is also the factor to which the most attention is paid by banking regulatory authorities (Festić et al., 2011). We obtained NPLs estimations from linear estimations of the slack value taken from the SBM-WPF-DEA model. Slack values show the distance of both the evaluated DMU and the reference DMU in the corresponding variable direction. If we assume that the variation between score and slack is of equal proportion, then the score change causes the slack value to change too, so the variation can be said to respond directly to the NPLs. The NPLs of the j-th DMU after the application of stressed shocks is calculated by the following equation:

		

Scenario design:
Baseline: We take the mean of the three macroeconomic variables during the sample periods of 2005Q1 to 2020Q4 as our baseline scenario for 2021Q1, the real GDP growth rate is 1.018%, the difference if interest is 0.01% and the unemployment rate is 5.315%. 
Historical Scenario: We set the GDP growth rate at -9.94%, the difference of interest is -1.2% and the unemployment rate is 13.07%. (It is worth noting that all of these extreme values actually happened in 2020Q2.) 
Hypothetical Scenario 1: We simulate the effect of a GDP growth rate at -2.54%, which is equal to the mean of the period between 2005Q1 and 2020Q4, minus two standard deviations.
Hypothetical Scenario 2: We simulate the effect of an interest rate change at -0.765%, which is equal to the mean of the period between 2005Q1 and 2020Q4, minus two standard deviations.
Hypothetical Scenario 3: We simulate the effect of an unemployment rate equal to 9.65%, which is equal to the mean of the period between 2005Q1 and 2020Q4, minus two standard deviations.

[bookmark: _Ref79439240]Table 6.3 NPL (%) estimation given under designed scenarios
	Period
	Baseline
	Historical scenario
	Hypothetical scenario

	
	
	
	Scenario1
	Scenario 2
	Scenario3

	2021Q1
	1.016
	1.320
	1.301
	1.119
	1.320

	2021Q2
	1.018
	1.317
	1.256
	1.094
	1.276

	2021Q3
	1.017
	1.304
	1.186
	1.084
	1.208

	2021Q4
	1.018
	1.273
	1.156
	1.078
	1.165

	2022Q1
	1.017
	1.247
	1.138
	1.076
	1.154

	2022Q2
	1.009
	1.223
	1.122
	1.078
	1.144

	2022Q3
	1.013
	1.204
	1.114
	1.073
	1.136

	2022Q4
	1.015
	1.186
	1.112
	1.073
	1.126






[bookmark: _Ref79439270][bookmark: _Ref79439257]Figure 6.1 NPL estimation of stress testing

The NPLs stress testing results shown in Table 6.3 and Figure 6.1 are calculated using data from the 4,069 active banks in Panel D. From the results, we can see that the NPLs which were estimated by the three hypothetical scenarios to occur within the next two years after the shocks given do not exceed the NPLs estimated by the historical scenarios. In analysis of both historical and hypothetical scenarios, our NPLs estimated for the first quarter after the shock is at the highest level within 2 years’ horizon, and they then gradually decline. In the historical scenario, the NPL ratio reached its highest value within the estimated period range of 1.320%, while the maximum number of NPLs in the hypothetical scenarios are 1.301%, 1.119%, and 1.320% respectively. 
It is clear that the COVID-19 epidemic has had a huge impact on the US macro economy. These dramatic changes are the results of an extreme, once-in-a-generation catastrophe, an event which is difficult to capture with standard statistical methods. The results therefore show a large deviation which was impossible to predict, even if Bayesian techniques were applied. For the three hypothetical scenarios proposed, we find that the estimates for the number of NPLs obtained by imposing two standard deviation shocks on the unemployment and GDP growth rates are similar, and that both are higher than the results obtained by imposing the same scale of shock on the interest rate differential. The occurrence of a crisis represents great uncertainty for our predictive models, and it is therefore difficult to obtain a completely correct estimate of these types of extreme event simply by relying on economic theories and statistical models. Recent events should also serve as a wake-up call for bank managers to adequately prepare their asset reserves and loss provisions to deal with emergency situations which cause the macro economy to fluctuate sharply. 

Conclusions and implications

We look at the US commercial banking industry and modified Wilson’s framework by using a DEA efficiency score as our independent variables. We construct four different panels to show that DEA efficiency scores offer good discriminative capacity, and run fixed effect panel regression to guarantee that robustness of our macro-micro model. After setting historical and hypothetical scenarios, the NPLs were calculated by using the slack value obtained from SBM-WPF-DEA, a tool used to measure distance to the stressed frontier. Our results show that shocks which come from unemployment and real GDP growth rates have a more significant effect on the interest rate differential. The historical scenario shock to the macroeconomic system has a deeper effect than the three hypothetical scenarios we tried. These results provide a guide to identify and understand the channel of risk transmission, which may be used by financial authorities in future to limit the impact of certain adverse events or shocks on the balance sheet of their nation’s banks.


Any model cannot describe reality with perfect accuracy. DMUs used in DEA models should take homogeneity and other similar environments into consideration, however some inherent local characteristics will always be inconsistent, factors such as a bank’s scale, economic standing, policy and other cultural differences. In terms of DEA application, much of the extant literature has relaxed the requirement of assumption over time, we consider that those banks to be used for evaluation should still strive to satisfy this assumption so as to obtain the most accurate and reliable efficiency scores they can for various stress testing scenarios. In this paper, we use DEA to analyze commercial banks, and PSM to decrease the gap, but we must say that even with this careful treatment, bias still exists. It is only possible to get truly reliable evaluation if all banks (including those banks which were initially deleted due to there being serious gaps in their data) are considered in the sample. The scores calculated in other cases, such as the panel constructed by PSM, only offer us relative evaluations. Accordingly, in the trade-off between being able to satisfy DEA assumptions and panel scale, we consider that the inclusion of both criteria will in fact make the scores more reliable.

[bookmark: _GoBack]When constructing a macro-micro model of this type to investigate the transmission of risk, there is no conclusive evidence to support choosing a linear model over other non-linear forms. The banking industry moves forward at a breathtaking pace, and there is a constant ebb and flow of new banks popping up and failing banks exiting the stage. It is for this reason that our techniques of expanding the reference set and utilizing a dynamic, rather than static, evaluation of banking performance may throw up new, more fruitful research points. In this paper, we use a classical DEA model as well as a linear macro-micro model to show that DEA has a more promising application prospect for stress testing. DEA has been developed in great depth over the past 40 years and many authors have modified traditional DEA methods such as the Network DEA (Avkiran, 2009; Mahmoudi et al., 2019; Tavakoli & Mostafaee, 2019), multi-stage DEA, bootstrapping DEA (Aggelopoulos & Georgopoulos, 2017; Wanke et al., 2016) and Game DEA (Mahmoudi et al., 2019; Tavakoli & Mostafaee, 2019; Tavana et al., 2018) . Network DEA and the Game DEA consider the complex relationship between individual DMUs. In the context of stress testing, these models may yet be used to measure the effects related to contagion, feedback and multi-round. Since setting up a network of this type needs detailed trading information, and this data is often private or else highly regulated by supervisory boards, this path for future research is littered with obstacles and will need concerted efforts by all involved in order to effectively move forward. 

In the US, no matter whether they have been authorized to operate at the state or federal level, each bank is supervised by a primary federal banking supervisor as a minimum requirement, with domestic banks having two or more supervisors. The IMF has recently (July 2020) released a report into US FSAP assessment, which reveals that the framework of banking prudential regulation is complex, with many different federal statutes and associated local regulations to contend with. Since the tailoring of risk regulations to meet local requirements has become the newest challenge for bank supervision, Federal Banking Agencies (FBAs) have signed off on a ruling to allow for tailoring of certain aspects of stress testing. Some reforms allowed by the FSAP, such as changes to capital and liquidity requirements, may prove inconsistent with BASEL III requirements, which are closely related to institution size and risk statuses. The national capital stress test program for US banks is conducted by the Federal Reserve System (FRB) and consists of DFAST and CCAR, which are comprehensive and cover risks in many categories. Based on the DFAST and CCAR, the newly created Stress Capital Buffer (SCB) which was rolled out in March 2020 will facilitate further changes to current stress testing frameworks. Effective risk management and appropriate regulatory intervention are invaluable conditions for the maintenance of national economic stability, and both the methods and frameworks of stress testing need to be continuously improved in practice.
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