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Abstract

:

The credit risk management process is a critical element that allows financial institutions to withstand economic downturns. Unlike the methods regarding the probability of default, which have been deeply addressed after the financial crisis in 2008, recovery rate models still need further development. As there are no industry standards, leading banks are modeling recovery rates using internal models developed with different assumptions. Therefore, the outcomes are often incomparable and may lead to confusion. The author presents the concept of a unified recovery rate analysis for US banks. He uses data derived from FR Y-9C reports disclosed by the Federal Reserve Bank of Chicago. Based on the historical recoveries and credit portfolio book values, the author examines the distribution function of recoveries. The research refers to a credit card portfolio and covers nine leading US banks. The author leveraged Vasicek’s one-factor model with the asset correlation parameter and implemented it for recovery rate analysis. This experiment revealed that the estimated latent correlation ranges from 0.2% to 1.5% within the examined portfolios. They are large enough to impact the recovery rate volatility and cannot be treated as negligible. It was shown that the presented method could be applied under US Comprehensive Capital Analysis and Review exercise.
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1. Introduction


One of the New Basel Capital Accord’s purposes was to reduce the discrepancy between regulatory and economic capital. Therefore, the banking industry is trying to develop and standardize risk management methods. The statistical models recommended by the Basel Committee were supposed to reflect the potential losses more precisely and improve the stability of the banking sector. The Basel Committee is motivating financial institutions to develop their internal risk models. Therefore, they were granted significant autonomy in this area. The banks are expected to conduct their research on credit risk, including portfolio segmentation, parameters estimation, or model validation. The so-called standardized approach is based on Basel I, and is still the most popular method utilized for capital requirement calculation. According to this approach, banks calculate the risk weights dedicated to specific asset classes. These weights reflect the potential unexpected losses. The simple method is now being widely displaced by the IRB approach (Internal Rating Based Approach). According to Basel II [1] the banks are expected to develop internal credit risk models and their further implementation within the risk management process. An additional incentive for banks that decide to implement more advanced methods was a potential capital saving. Some researchers show that advanced techniques may significantly reduce the capital needs regarding credit risk. That especially applies to retail banking. The fifth quantitative research QIS52 clearly showed that some capital benefits are expected for well-diversified retail portfolios.



The approach recommended by the Basel Committee (advanced method) is based on a few elements that impact the credit risk projections. The main factor is the probability of default calculated within the twelve months horizon. The second is the recovery rate (RR), presenting the expected percentage of defaulted exposures which can be recovered due to the debt collection process. Similarly, the LGD parameter (Loss Given Default) is interpreted as an unrecovered part of a loan outstanding and also is expressed as a percentage value. For practical reasons, it is convenient to model RR and then derive LGD. The next element of the comprehensive risk model is EAD (Exposure at Default). EAD represents the value of a credit exposure at the moment of default. The last key element is the borrower asset correlation. Its value significantly affects the unexpected losses, which impacts the capital requirements described in detail by Zeng [2] and Siarka [3].



The banks can choose the approach to risk management and capital requirement calculation. Under the advanced method, they can leverage a foundation or advanced approach (1). By choosing the foundation approach, the banks are obliged to utilize the parameters suggested by the Basel Committee (recovery rate, asset correlation, exposure at default). The advanced approach gives more flexibility by allowing the banks to estimate these risk measures.



In the literature, there are not many publications concerning the problem of LGD calculation. Carey [4] and Frye [5] noticed that recovery rates might depend on the economic cycle. Gupton [6] considered another factor that can affect RR. He noticed that the value of the collateral is strongly correlated with the value of the recovery rate. A cross-sectional analysis of recovery rates was also presented by Franks [7]. He examined corporate loans granted by European banks. Schafer and Koivusalo [8] focused on the relation between the recovery rate and the probability of default. Gieseske [9] also presented some practical solutions regarding the recovery rate.



This paper focuses on the problem of LGD/RR estimation in the banking sector. Several approaches are reviewed in the context of capital requirement calculation. This paper aims to present the results of one-factor model implementation. The outcomes were achieved for retail portfolios of leading US banks. The author is trying to examine the value of correlation resulting from one-factor model applied for credit card portfolios. The positive correlation presence may suggest the existence of a latent market factor (common for all borrowers) that impacts the distribution function of recoveries. As it is presented further, the higher is the correlation, the more volatile are recoveries. It is particularly crucial for credit risk predictions under stress test exercise, as volatile recoveries may cause a significant loss spike. The Basel approach is based on the expected value of recovery rate and volatile PD measure.



On the other hand, the CCAR (Comprehensive Capital Analysis and Review, an annual exercise initiated by the Federal Reserve to assess whether the largest Bank Holdings Companies operating in the United States have sufficient capital to withstand the financial stress) approach requires LGD stressing with adequate macro factors [10]. Therefore, stress testing exercises are performed with regression models. It also needs to be emphasized that recoveries represent post-default events; they last longer and they are usually poorly correlated with macro factors. Therefore, this paper focuses more on RR distribution function. Its shape may let us know the potential changes of recoveries and the probability of its various scenarios.



The paper is organized as follows. The introduction contains the basic definitions of risk parameters used in the banking industry and a literature review. The next part focuses on one-factor model recommended by the Basel Committee. Later, some remarks on calculation DPD (Days Past Due) are made. Then, several methods regarding LGD estimation are presented. The last part of the paper contains the research results achieved for retail portfolios and final conclusions.




2. The One-Factor Model and Capital Requirements


Regardless of the selected approach—foundation or advanced—the banks must utilize Merton’s one-factor model [11]. This approach is recommended by the Basel Committee and allows calculation of the capital cushion preventing the banks from bankruptcy. According to this approach, the default event appears when the borrower assets’ value drops below a specific limit. Below this limit, the company shareholders have not further incentive to continue the business. It is just more rational to announce bankruptcy and stop paying back the loan. According to this theory, the asset value of i-th company is presented by the following equation:


   X i  = Y  ρ  +  Z i    1 − ρ    



(1)




where Y is a market factor common for all borrowers. The coefficient  ρ  reflects the impact of the market factor and the factor relevant to the particular borrower (   Z i   ) on the asset value. The parameters are easy to interpret for corporate loans. In the retail banking the interpretation is not so clear. The asset correlation is not directly observed, and therefore its estimation is not trivial. In retail banking    X i    should be interpreted as a value of index characterizing the risk level of i-th borrower [4]. Under this approach the variables  Y  and    Z i    are normally distributed with mean equal to zero and standard deviation equal to one.



The default event is represented by a variable    L i   . It takes one if the i-th borrower defaults and zero in the other cases. The conditional probability of default for a given value of market factor Y can be presented as follows:


  P  [     L i  = 1  |  Y  ]    =   N  (     N  − 1    (  P D  )  − Y  ρ      1 − ρ      )   



(2)




where PD is the expected value of the unconditional probability of default. When the portfolio incorporates n loans with similar default probability (PD), it is possible to calculate the probability of percentage losses for a given portfolio [12].



Thus, for variable   L =  1 n    ∑  i = 1  n    L i     , the probability of incurring loss up to the limit x, can be presented [4] as follows:


  P  [  L ≤ x  ]    =   N    (      1 − ρ    N  − 1    ( x )  −    N  − 1    (  P D  )     ρ     )   



(3)







The above formula was incorporated into Basel Document [1] for capital requirement calculation. It refers to an unexpected loss that exceeds the expected value of the loss. The banks should recognize the expected loss in the profit and loss statement, whereas the capital should cover the unexpected loss. So formally, the capital requirement K is defined as:


  K   =    [  N    (     N  − 1    (  P D  )  +  N  − 1    (  0.999  )   ρ      1 − ρ      )    −   P D  ]  · L G D  



(4)







Apart from the probability of default, LGD, and asset correlation, there is a constant value 0.999 relating to the market factor. Therefore, the actual loss may exceed the calculated capital limit no more than every one thousand years.



The utilization of the advanced method requires relevant documentation describing the statistical model. It also needs an extensive analysis of the model’s predictive power and stability. Besides, local supervisors of the financial markets shall periodically challenge the applied models.




3. The Default Event and LGD Determinants


The LGD estimation process is crucial for assessing the quality and efficiency of the debt collection process. Usually, it is based on the analysis of cash flows retrieved after the default event. The following equation presents the relation between LGD and RR coefficient


  L G D   =   1   −   R R  



(5)







The typical LGD analysis covers the estimation of the distribution function and the recovery process duration analysis. As the recovery process often takes a few years, it is desirable to use a discount rate for cash flows to calculate its present value.



Multiple factors may impact the recovery rate [13]. So-called external factors reflect the macroeconomic environment and affect the borrowers and lenders. The internal factors correspond to the specific character of the borrower. It may refer to, e.g., the value of the collateral, the type of the collateral, internal policy, business strategy, etc.



The LGD calculation approach can be static or dynamic depending on the underlying assumptions regarding the changes of LGD over time. Under the static approach, the recovery rate remains stable over time. Such an assumption was made within CreditRisk+ model [14]. Its further improvements include the stochastic nature of the recovery rate. A beta distribution function was mostly used for that, as it gives decent flexibility in terms of distribution shape. This approach was also used for such models as CreditMetrics or Credit PortfolioView [15].



The dynamic approach assumes that the recovery rate changes over time and can depend on macroeconomic factors such as unemployment, GDP, inflation, etc.



Among critical factors impacting the level of recovery rate is the structure of borrower liabilities. Gupton [16] observed a strong dependence between the liabilities repayment order and the recovery rate. Another critical factor is the type and collateral value.



The researchers also underline that the legal conditions play a vital role, as they can impact a debt collection process’s duration.



It was also observed that the value of exposure at the moment of default affects further recovery rate. Similarly, the prolonged recovery process may in some cases negatively impacts RR due to applied discounting calculus and rising recovery costs. Another critical factor is the time between loan granting and the default event. It was observed that the defaults observed shortly after loan origination come with a low recovery rate. It mainly results from an inadequate risk assessment process, which could misjudge relevant business conditions or could be a fraud result.



To forecast the LGD, it is necessary to specify the beginning and the end of the recovery process. The insolvency event typically determines the start. According to Basel II the default appears when the delay in repayments exceeds 90 days. From this moment, all inflows are being considered as recoveries. This simple definition has a lot of advantages due to its popularity and widespread use. However, it should be emphasized that when the default is recognized much earlier based on, e.g., other qualitative criteria, this modified date of default should be applied.



As DPD (Days Past Due) triggers the default event, it is relevant to define its calculation method. Originally the DPD was calculated as the number of days between the current date and the last date when the overdue balance emerged. Currently, the banks recognize the overdue moment as the oldest maturity date of all overdue installments at the moment of analysis. In other words, the loan installments are treated as a set of “separate” tranches, and therefore the oldest overdue payment indicates the moment of arrear appearance. Moreover, there are more accounting factors to be considered under the DPD calculation process, e.g., overdue interests, overdue penalty interests. or other accrued costs.




4. The Approaches to LGD Calculation


There are three most common approaches towards the recovery rate estimation. The first of them is based on market price analysis of defaulted financial instruments. It refers mainly to bonds and regular loan portfolios. Rating agencies such as Moody’s provide the necessary data required for calculations. Under this approach, it is assumed that the market price reflects a fair value of cash flows incorporating recoveries. So, the market price includes costs of recovery proceedings and other factors affecting the cash flows’ uncertainty embedded in a discount rate.



Another group of methods is strictly linked with cash flows observed during the recovery process. So, the key elements are the repayments time structure and applied discount rate.



Another approach covers a group of methods based on the financial instruments’ spread analysis. According to this method, the surplus of interest rate over the risk-free interest rate reflects financial instrument risk. So, the risk premium incorporates credit risk and further recoveries. As it was presented in the first part of this paper, the expected value of loss depends on PD and LGD. However, it is also worth to mention that the spread incorporates some liquidity premium and other minor risks [17]. This issue was widely discussed by Bakshi, Madan, and Zhang [18].



Gurtler [19] noticed that it is more efficient to calculate the recovery rate when the portfolio is divided into two distinct groups. The first incorporates the loans recognized as write-offs. This group typically contains low-recoverable loans. The second group consists of positively-responded-to-the recovery-process loans. It results from the fact that some receivables are extremely difficult to collect, while the other loans go smoothly through the collection process. The empirical results confirm the efficiency of this approach [20,21].



A two-step model’s structure is based on the coefficient     λ ^   W O , i     reflecting the probability of being recognized as a write-off. The probability that the loan goes successfully through the recovery process is given as   1 −  λ  W O , i    . Based on these two probabilities, the LGD is derived using the following formula:


      LGD  ^   i    =     λ ^     WO , i   ∗     LGD  ^    WO , i     +    (  1 −    λ ^    WO , i    )  ∗     LGD  ^    RC , i    



(6)







The LGD is calculated as a weighted sum of two LGDs appropriate for selected groups. The probability     λ ^   W O , i     can be estimated using the logistic regression model presented by the following formula:


    λ ^   W O , i     =    1  1 + exp  (  −  (   β 0  +   ∑   j = 1  k   β j   x  j , i    )   )     



(7)







Under this approach, the variables    x  1 , i   , … ,  x  k , i     are characteristics of i-th loan/borrower as, e.g. DPD, collateralization rate, borrower income, scoring, grade. It can also refer directly to macroeconomic factors such as GDP, unemployment rate, or inflation.



Belotti and Crook [22] utilized a similar approach. However, the authors focused on LGD estimation using a linear regression model. They excluded all the loans with recovery close to zero and one. Another approach presented by Bellotti was based on the decision tree model. According to this method, two logistic regressions are leveraged (for loans with LGD equal to one and zero). In other cases, when 0 < LGD < 1, the linear regression model was applied. This approach gives satisfactory results when the examined portfolio includes a large number of loans with low and high recovery rates. Under this approach, the LGD is calculated according to the following formula:


  L G D   =    (  1 −  p  0 i   )   (  p  1 i     +    (  1   −    p  1 i    )    LGD  i   )   



(8)




where p0i is the probability that LGD is equal to zero for the i-th loan and p1i is the probability that the LGD is equal to one. As it was mentioned before, these probabilities are calculated based on two independently estimated logistic regression models.



Some researchers noticed that also the one-factor model can be leveraged for recoveries estimation. As it was presented earlier, this approach takes into account the systematic risk. Similar to the PD model, the recovery rate may also depend on the market factor. So, under this approach, it is justified to pose a question regarding the range of possible LGD/RR volatility under the adverse market conditions. Dullmann and Trapp [23] presented their results based on the concept developed earlier by Schonbucher [24]. Furthermore, Frye [5] conducted his research focusing on the one-factor method. According to Dullmann the most efficient way is to model recovery rate using logit transformation of a normally distributed random variable    Y j   . The recovery rate   R  (   Y j   )    is then presented as:


  R (  Y j  ) =   exp  (   Y j   )    1   +    exp   (   Y j   )     



(9)




where:


   Y j  = μ   + σ  ω  X   + σ   1   −   ω    W j   



(10)




where X and Wj are normally distributed random variables. The coefficient ω plays a similar role to the asset correlation ρ used under IRB capital requirement model. Its value ranges from zero to one and is constant for all borrowers. The interpretation of variable X and Wj is analogous as earlier. X reflects the systematic risk, while Wj refers to the idiosyncratic risk specific for the j-th borrower. The model utilized by Dullmann and Trapp can be presented in the same way as proposed by Frye [6]:


  ln  (    R (  Y j  )   1 − R (  Y j  )    )    = μ   +   σ  ω  X   +   σ   1 − ω    W j   



(11)







Frye, however, proposed a more simplified approach using the following model for recovery rate:


  R (  Y j  ) =   μ   +   σ  ω  X   +   σ   1 − ω    W j   



(12)







The drawback of the above approach is a lack of constraints regarding the recovery rate. Under this method, it can drop below zero and rise above one, which is not be economically justified. However, the simplicity of the model and easy to interpret parameters make this approach sound.



Pykhtin [25], in his survey, leveraged the following model for recovery rate:


  R (  Y j  )   =    exp   (  μ   +   σ  ω  X   +   σ   1 − ω    W j   )   



(13)







According to his approach, the recovery rate was log-normally distributed. This way, he omitted the problem of receiving negative values of RR.



All presented above approaches derived from the one-factor model allow to estimate distribution function for recovery rate. According to the model examined by Dullmann and Trapp, the conditional distribution function is as follows:


  f  (    L G D  |  X  )    =      1  2 π  σ 2   (  1 − ω  )  L G  D 2    ( 1 − L G D )  2        exp  (  −      (  ln  (    1 − L G D   L G D    )  − μ −  ω  σ X  )   2    2  σ 2   (  1 − ω  )     )   



(14)







For the model proposed by Frye, the density function presents the following formula:


  f  (    L G D  |  X  )    =      1  2 π  σ 2   (  1   −   ω  )        exp  (  −      (   LGD    −   1   +   μ   +    ω  σ X  )   2    2  σ 2   (  1   −   ω  )     )   



(15)







According to the log-normal Pykhtin model, the recovery rate has a distribution function represented by the following formula:


  f  (    L G D  |  X  )    =      1  2 π  σ 2   (  1 − ω  )      ( 1 − L G D )  2        exp  (  −      (  ln  (  1 − L G D  )  − μ −  ω  σ X  )   2    2  σ 2   (  1 − ω  )     )   



(16)







The one-factor model’s implementation requires estimation of coefficient  ω , which is called asset correlation under Basel approach. It was proved by many researchers that default events are correlated [26] due to common market factor. This correlation usually ranges from 1% to 10%, depending on the specific portfolio. Therefore, the correlation among recoveries also needs profound research. It is worth examining whether the recovery rate is sensitive to the market factor. So, the next part of this paper is focused on the following RR model:


  P  [  R R ≤ x  ]    =   N  (      1 − ω    N  − 1    ( x )  −  N  − 1    (    R R  ¯   )     ω     )   



(17)




where     R R  ¯    is the expected value of the recovery rate.



According to IFRS 9, the LGD should also include forward-looking macro-economic scenarios, as was presented by Miu and Ozdemir [27]. Joubert et al. [28,29] listed multiple methodologies to model LGD based on the loan-level data. The most popular include the beta regression, inverse beta transformation, survival analysis, and Box–Cox transformation. Siarka [30] applied a Monte Carlo simulation method for portfolio profitability calculation. Under his approach, recoveries were correlated with defaults and interest rates; the method allowed us to calculate financial ratios like return on assets or return on equity. Bijak and Thomas [31] encountered more than 15 different performance measures in the literature concerning LGD models. This clearly reveals the difficulty concerning LGD modeling. The LGD can be modeled using the direct or the indirect approach. Under the direct approach, the LGD is equal to one minus the recovery rate. Under the indirect approach, two components are modeled separately, i.e., the probability component and the loss severity.




5. Empirical Results


The data from FR Y-9C reports were leveraged to examine the impact of the macro factor on the recoveries (https://www.chicagofed.org/webpages/banking/financial_institution_reports/bhc_data.cfm). Currently, all United States Bank Holding Companies are obliged to submit these reports once their consolidated assets exceed 500 million USD. The data is available from 1986 and includes many financial items regarding recoveries, credit risk, and specific portfolios’ volume. For the analysis, the data from Schedule HI-B and HC-C regarding credit cards were leveraged. This portfolio type is a part of loans originated to individuals for household, family, and other personal expenditures.



The FR Y-9C report data are not available at the loan level, so the individual recovery rates cannot be calculated. For further analysis, the ratios of quarterly recoveries (code in FR Y-9C: BHCKB515) in relation to the book value of loans (code in FR Y-9C: BHCKB538) were calculated. It should be emphasized that the measure created this way is not a Basel recovery rate but represents the fraction of recoveries in the total value of the portfolio. However, assuming that the bank’s risk policy is stable over time, and there are no significant changes in the portfolio composition, further conclusions are applicable to typical recovery rates. In other words, the findings regarding the correlation resulting from the one-factor model may be valid, providing that the portfolio outstanding is highly correlated with the value of exposure at default and the recovery process is conducted in the same efficient way over time. These assumptions are quite restrictive; however, they should be met by such standardized portfolios as credit cards in the US.



The analysis was performed for nine leading US banks, including JPMorgan Chase & Co., New York, NY, USA, Bank of America Corporation, Citi Group, Wells Fargo & Company, U.S. Bancorp, PNC Financial Services Group inc., Capital One Financial Corporation, HSBC North America Holding Inc. and TD Bank US Holding Company. Figure 1 presents recovery ratios calculated for all selected banks according to the specified procedure. For the first five banks, the data were available from I quarter 2001 up to I quarter 2014. For PNC Financial Services Group Inc. and Capital One Financial Corporation, the data were available from I quarter 2009 and IV quarter 2008, respectively. For TD Bank, the data were available since 2006 and for HSBC from 2004.



Figure 2 presents outstanding (credit cards) of particular banks available in FR Y-9C reports. It clearly shows that most banks encountered at least one spike during the last few years. These dynamic changes resulted from mergers, acquisitions, or portfolio sales. However, it shall be noticed that these changes didn’t impact long-run recovery rates significantly, which can be observed in Figure 1.



The spike in JPMorgan Chase outstanding observed in 9/2010 is not observed on the recovery rate chart. Higher recoveries balanced the increase of the outstanding, and this is why recovery rates did not change significantly. However, in some cases, a single spike can be noticed. It results from a delay in the recovery reporting process. It can be observed for Citi Bank, Bank of America, and Capital One Financial Corporation.



An exceptionally massive change of outstanding was observed for HSBC (6/2012) as well as TD Bank (6/2012). At that time, HSBC made a transaction resulting in portfolio shrinking, while TD Bank reported significant growth of its assets. In both cases, these changes impacted the long-run recoveries what is observed in Figure 1.



The ratios presented in Figure 1 were used to estimate distribution functions (Figure 3). Table 1 shows basic statistics, including average, standard deviations, and model values. The average values range from 0.12% to 0.49% and concentrate around 0.2%. Standard deviations are not large and range from 0.03% to 0.11%. The highest average value and the highest standard deviation were observed for Capital One Financial Corporation. For this bank, the data is scarce, as it includes only 22 quarters starting from IV quarter 2008. Modal values appeared to be slightly lower than average values, which suggests that the distribution functions are right-skewed.



As was mentioned above, the distribution functions presented in Figure 3 are right-skewed. It was assumed that this is the result of the recoveries correlation embedded in the one-factor model. Therefore, the differences between the expected values and the modal values were used to verify the above thesis. Under the one-factor model, the higher is the expected value in relation to the modal value, the stronger is the impact of the market factor on the recoveries (i.e., higher correlation). Furthermore, higher sensitivity to the market factor causes larger volatility of the recovery rate. Based on quarterly aggregated data, the correlation can be calculated based on the following formula [27]:


  ρ   =      [  4    (     N  − 1    (   L  m o d    )     N  − 1    (   L  exp    )     )   2  − 1  ]  −    [  8    (     N  − 1    (   L  m o d    )     N  − 1    (   L  exp    )     )   2  + 1  ]      8    (     N  − 1    (   L  m o d    )     N  − 1    (   L  exp    )     )   2     



(18)




where    L  m o d     is a modal value and    L  exp     is the expected value.



Figure 3 presents the results achieved for selected banks. The correlations appeared to be higher than zero and range from 0.2% to 1.5%. The lowest values (0.2%) were derived for Citi Group and HSBC. The highest value (1.5%) was calculated for Capital One Financial Corporation.



The results are consistent and oscillate at around 1%. So, it can be noticed that the correlation is relatively small. However, it is higher than zero, and therefore, it impacts the shape of distribution functions. It makes it more wide comparing to the zero correlation case.



Figure 4 presents the empirical distribution functions estimated based on historical data (solid lines). For comparison, the theoretical distribution functions were also calculated (dotted lines). The theoretical distributions were calculated based on the one-factor model for given expected values and correlations.



As it can be noticed in Figure 4, the theoretical distribution functions fit quite well the empirical observations. The last row representing the outcomes for Capital One Financial Corporation, HSBC, and TD Bank reveals some discrepancies. However, it shall be emphasized that the time series of these banks were relatively short. Therefore, large estimation errors may explain some inaccuracies. So, in these cases, it is worth recalculating the model again once the time series will cover at least 40 quarters.



For the validity of the conclusions, the portfolio’s composition should not change substantially over time. Moreover, there should not be serious portfolio acquisitions. Therefore, the correlations were calculated with various lags with respect to outstanding value. It was expected that correlations would not be substantially sensitive to shift in time (lag of the outstanding). The results of this exercise are presented in Figure 5, where zero, two, and four quarters lags were analyzed.



As can be observed, the correlation results are consistent for most of the banks. The most considerable differences were observed for PNC Financial Services, where both 6 M and 12 M lag resulted in higher correlation. Furthermore, Citi Group revealed a substantial change. However, it should be noticed that the overall range of correlation was not changed substantially. The banks with initially calculated low correlations are still below an average. That proves that the proposed method is robust and can be utilized to estimate the correlation and calculate recoveries’ distribution function.



The correlation estimates are at around one percent and show a relatively small impact of a latent macro factor on recoveries. However, these values are large enough to skew the distributions, as is presented in Figure 4.



The FED recommends that under the CCAR exercise, the macro factors should be leveraged. Therefore, a complementary analysis was performed, and autoregressive models with external macro factors as regressors were developed. The following candidate variables were selected as macro factors: US real GDP growth rate, US unemployment rate, US real disposable income growth, and US CPI inflation rate. For all these variables, lags from 0 to 2 quarters were considered. Additionally, it was assumed that each variable could enter the model only once, i.e., one variable could not be used with two distinct lags. In order to find the best fitting model for each bank, all possible combinations of macro factors were analyzed. Figure 6 shows the results presenting actual and forecasted values.



Table 2 contains regression outcomes including R-squared, adjusted R-squared and p-values calculated for F statistic. The table’s right panel presents macro factors that appeared to be significant and were selected as regressors. Numbers below the variable names indicate the lag, which was employed for a particular macro factor.



High R-squared values and statistically significant coefficients show that recovery rates could be modeled with macro factors. It was also shown that the one-factor model, based on a latent and common market factor, is adequate for recovery rate projections. Furthermore, the presented approach explains the skewness of the recoveries distribution function by better fitting to the actual data. Therefore, it can be used for recovery projections under severely adverse macroeconomic scenarios.




6. Conclusions


The Basel Committee suggests calculating capital requirements based on PD, EAD, and LGD. These parameters also play a crucial role in AQR (Asset Quality Review) process under the challenger approach for losses estimation. While many researchers widely examine the PD, recovery rates are being poorly explored. In the literature, several attempts are presented towards recovery rate modeling. Some of them are based on the value of collateral, exposure value, or probability of default. In retail banking, where the loans are relatively homogenous and uncollateralized, recovery rates are usually estimated based on expected value. However, the volatility and observed skewness revealed that the recoveries might drop significantly under severely adverse macro scenarios.



The presented research addressed the problem of recovery ratio distribution function estimation. The author used data of nine leading US banks sourced from FR Y-9C reports incorporating information about credit card recoveries. Then, he verified the hypothesis that recoveries in the portfolio are correlated, which impacts the distribution function. It was assumed that the recovery ratio could be modeled under the one-factor approach. Furthermore, it was shown that the analysis could be performed based on publicly disclosed aggregated data, where loan-level data are not available.



The application of the one-factor model for recoveries has profound implications for the banking industry. Under this approach, the recoveries are treated as correlated. Similar to defaults, they are linked with idiosyncratic risk and market factor. Therefore, recoveries shall reveal significantly higher volatility, which is particularly important under stress test projections. Additionally, the distribution functions should be skewed, and consequently, modal values should be lower than expected values.



The research proved that recovery ratios are right-skewed for all selected leading US banks. The correlations oscillate around 1% ranging from 0.2% to 1.5%. It was also shown that it impacts the shape of the distribution function significantly.



The problem of recovery rate projection in the context of the adverse market condition needs further examination. In order to minimize the estimation error, a more extended time series should be utilized. Furthermore, data reflecting recovery rates instead of recovery ratios should be examined. Finally, the presented approach needs to be challenged with loan-level data models, i.e., bottom-up analysis.
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Figure 1. Relations of recoveries to the total value of the portfolio. Source: Author’s work. 
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Figure 2. Credit card outstanding reported by banks in FR Y-9C [kUSD]. Source: Author’s work. 
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Figure 3. The correlations derived for recoveries. Source: Author’s work. 
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Figure 4. Distribution functions of recovery ratios (recoveries/portfolio value). Source: Author’s work. 
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Figure 5. Correlations calculated for various lags of outstanding. Source: Author’s work. 
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Figure 6. Recovery rates—regression forecasts vs. actual values. Source: Author’s work. 
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Table 1. Basic statistics for recovery ratios.
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	Bank
	Average
	Std.Dev
	Modal





	JPMORGAN CHASE & CO.
	0.17%
	0.06%
	0.14%



	BANK OF AMERICA CORPORATION
	0.16%
	0.06%
	0.14%



	CITI GROUP
	0.26%
	0.05%
	0.25%



	WELLS FARGO & COMPANY
	0.19%
	0.06%
	0.17%



	U.S. BANCORP
	0.12%
	0.03%
	0.11%



	PNC FINANCIAL SERVICES GROUP, INC.
	0.14%
	0.03%
	0.13%



	CAPITAL ONE FINANCIAL CORPORATION
	0.49%
	0.11%
	0.41%



	HSBC NORTH AMERICA HOLDINGS INC.
	0.26%
	0.11%
	0.26%



	TD BANK US HOLDING COMPANY
	0.12%
	0.06%
	0.11%







Source: Author’s work.
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Table 2. Regression results.






Table 2. Regression results.





	

	

	

	

	
Lags [Quarters]




	
BANK

	
R-Squared

	
Adjusted R-Squared

	
p-Value F Test

	
Real GDP growth

	
Real Disposable Income Growth

	
Unemployment Rate

	
CPI Inflation Rate






	
JPMORGAN CHASE & CO.

	
34.02%

	
29.90%

	
0.02%

	

	
1

	
2

	




	
BANK OF AMERICA CORPORATION

	
36.40%

	
32.42%

	
0.01%

	
2

	

	
1

	




	
Citi

	
49.93%

	
46.80%

	
0.00%

	

	

	
2

	
0




	
WELLS FARGO & COMPANY

	
23.12%

	
16.58%

	
1.33%

	
2

	
1

	
2

	




	
U.S. BANCORP

	
24.27%

	
21.17%

	
0.11%

	

	

	

	
1




	
PNC FINANCIAL SERVICES GROUP, INC.

	
70.05%

	
64.76%

	
0.01%

	

	
0

	
2

	
0




	
CAPITAL ONE FINANCIAL CORPORATION

	
73.52%

	
65.25%

	
0.03%

	
0

	
2

	
0

	
1




	
HSBC NORTH AMERICA HOLDINGS INC.

	
32.57%

	
27.10%

	
0.20%

	

	
0

	
0

	




	
TD BANK US HOLDING COMPANY

	
50.83%

	
44.93%

	
0.04%

	

	
1

	
0

	
1








Source: Author’s work.



















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the author. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file4.png
- E0TET0Z Cz1Et0z C60TETOZ
- 90" ZT0z i mc|MnM CE0TET0Z
- 90" E£T0
- 60T TT0Z |39 - 60—
-zt 0t0z J F0_ET0C p o0 e
s = Z1ztoz > " £07ZT0Z
- E0T0T0Z ~ F oo z [ _
Fo_ a | 60 £108 < C 607 TT0Z
- 9076002 3 90" Z10zZ = [
i o L= £07TT0Z
- 607800Z ] £07 2102 S C
-1 100z i | zrTnz 0 [ 60 002
- €07 £002 > | 60 1102 g " £070T0Z
£ - ap” 7 20 _Ttoz o) " 6076002
~ r moumgm m £07TT0Z T Fo
m 60 500Z S " Z1 0T0Z = | E0 B0OZ
C 210z Z 60T 0T0Z > - 6078002
F eo™ z " a0"0t0 -
- 074002 = i mcaﬁcw m | £07800Z
C a0 En0z = L = L
- m Z1 6002 | 60 £00EZ
- 6072002 Lt -
o 6076002 E07 002
p et T 80_800Z © 6079007
: : _ : : - €0 T00Z | E0TE0OZ Co_
.m_m M M M M o _ _ _ _ _ .m__ _ | _ | [ e07900z
=]
S g g 8 ¢ : g 8 & §
1 =t o ] - )
a a9 9 © I o e
- ZUETo0z C 21 et0z [ €0 ¥102
- E0TETOZ - E0TETOZ - o0 Foe
Eo_ Co . - E0ET0Z
- 5072102 - 902102 J F co~z102
z - 607 TT0Z - 60T TT0Z w 0 ZT0Z
= CZT 0T0Z CZT 0T0Z Z T B0 TTOZ
m - EDTOTOZ - €07 0T0Z m T EDTTTO0Z
& - 9076002 - 9076002 I - 60 0102
9 - 6078002 - 6078002 m - Mwumwmm
g -zl 00z - 2100z = - €07 600z
& —— o -
o - =T _
5 - €07 2002 o - €07 L007 - 6078002
< - 5079002 m - 90”900z W C E07800Z
o F 60 S002 < ~ 60 S00Z z © 607 £00Z
x - zr ooz o - Z1 00z @ [ €0_c002
& - €0 t002 ] E eo0™v002 £ 609002
E o C_ C E07 9002
F 80° EOOZ - 907 €002 C s0-s002
C 607 Z00Z C a0~ -
- Z17 1002 St - £0_s00¢
co F &1 1002 607002
: _ _ _ €0 1002 _ _ _ _ - €07 T00Z _ _ _ " 0T H00Z
m m :od €2 8 8§ 8§ ° g &8 & °
= 8 8 g 8 § 8 g & &
g § 8 &9 e 8 g g g 8
- Z17ETO0Z - Z17ETO0Z | €0_VIOZ
E E Z1 10z
- E0TETOZ - E0 ETOZ 60T ETOZ
- 90”102 - 90”2102 m " 90" ET0Z
- 607 TI0Z - 607 TT0Z < £07ET0Z
- Z1otoz - ziTotoz o zrznoz
F - - [+
- €07 0T0Z - - £070T0Z o | B0_ctoe
. aag Z uhag O ~907z10Z
g - 9076002 < - 90 6002 a E0°Z10Z
o3 © 6078002 w -~ 6072002 g zr Ttz
g - Z17 002 S - Z17 002 < | 607 TT0Z
x - €07 £002 o - E0T 4002 - | 80 +i0c
z - a0 2 - 9079002 z "o e
m - 90" 3002 = -7 - Z10T0E
& - 605002 9 - 60 5002 < | 60T0T0Z
= CZT 00z o CZT 00z w 90" 0T0z
& - - = C eq— - €07 0T0Z
= - E0TH00Z - £0T 4002 I
Eo_ Eo_ Z17 6002
C - 90" £00Z T
" 50" €002 -0 607 600Z
- 6072002 - 60 2002 | 907 6002
- Z17T00Z - Z17 1002 £07600Z
~ E0TT00Z ~ E0T00Z Z1 800Z
o o

nding
160,000,000 -
120,000,000 -
80,000,000 -

40,000,000 -

30,000,000 -
20,000,000 -
10,000,000 -

100,000,000 -
80,000,000
60,000,000
40,000,000 -
20,000,000 -

=]






nav.xhtml


  mathematics-09-00188


  
    		
      mathematics-09-00188
    


  




  





media/file2.png
- Z1ET0z [ E0TpT0Z [ €0 vTOT
- £07ET0Z | ZUET0Z " 60TETOZ
- 907 z10z | B0 Et0E | E0ETO0Z
- ) 90" ET0Z C
60”110z J - epmenor . C60TZT0Z
mm.n 0T0Z Dlw " z1 107 m | £0°ZT0Z
- £070T0Z m 607 2107 S " 60 T102
HmDImDDN M lmn_ Z1oz m |mcl._”.ﬁDN
- £07 2102 o -
- 607B00Z 3] | €0 -
[ = = Z1 10z m L &0 OL0E
m C Nﬂ|BnN m 60 TT0Z o _ E0T0T0Z
€0 £002 2 a0~ T10Z " " 6076002
© 90”900z =] £0°TT0Z 2 L _
- > Lo x | £07600Z
- 605002 E: | z1ot0z m -0
- 21 v00z T | 60 0T0Z 2 - 60 Booz
C c0—b00Z g 907010z = - £078002
- o £070TO0Z I
- 90" €002 - C 607 £002
F Z1 6002 [
~ 60 Z00Z " 60”6002 | E0 £00Z
CZT 1002 a0~ 600Z [ 6078002
C £07100Z €0 6002 T EDT 9007
SRR EER Y - T TS I
R T B B B = S I 0 ] oA o Q9 ]
o o0 o0 o0 o000 oo0aaao0 =1 = = = =} =1 = =] =} = =] =
- Z1ET0Z - Z1TET0Z T E0¥T0Z
- E0TET0Z - E0TETOZ g _ 60 £T0Z
Co0”Z10Z C 90" Z10Z = - €0 ET0Z
z C - @ 60 ZT0Z
s] - 60 TT0Z - 60T TT0Z @ Co_
= C o Z T E07ZT0Z
I - ZT 0t0Z CZrotoz g - 60~ 110z
m - €07 0T0Z - £070T0Z 2 0T TI0Z
9 - 90" 600Z 907 600Z S 607 0T0Z
- e = Coo_
3 - 60 B00Z ~ 60 B00Z ¢ | €0 0102
& a0z 5| | a Szr w0z 5| | < - 60 6002 &
2 - £072002 m 5 - €07 2007 m " - £0_S00e m
| O E o I an=
x e g E & " 6078002
o ~ 9079002 < - 90”9002 z - £07800Z
w - 605002 v - 6075002 M 604002
- Z1 00z - - Z1 o0z * C €07 £00Z
- £07 002 - €07 t00Z - 60 PO0E
- o  £07900Z
- 90" E00Z - a0”E00Z  so-c0z
~ 602002 C 607 Z00Z - £075002
C 2T T00Z C 21 Tooz C 60 00T
- £07 1002 - £07T00Z CE0TH00Z
T T T T T T T T T T r T T T T r T T T T T
BN ERERERELE OB B B B3 B EEEEE:
A I R I R R B = S I = ] w9 &
OO o0 o oo oo ooo0 =1 =] =1 =1 = =1 =1 =1 = =] = = =1
- Z1ET0z - Z17ET0Z | e07vT0z
- £07ET0Z - £07ET0Z 5 | =k ELOC
E Co_ = 60T ET0Z
- 90" ZT0Z - 90" Z10Z < - s0-€T02
- 60T TT0Z - 607 TT0Z o E0TETOZ
I i o S
- Z1ToT0zZ 5> - Z1Tot0z S 21 etz
. - z - 60
o) - €07 0102 < - 070102 a | 80 £0Z
M - 9076002 = - 9076002 g 0_etoz
w C 9 - Z | €0 ZT0Z
M - 60 B00Z - 60 B00Z Z ZTTT0Z
< Y N S - N - | CF e
o - 1002 e - Z1 002 o 607 TT0Z
— _ - _ N I~ -
= - €07 £002 = - €07 2007 c | 90_ttoe
2 - 90”9002 " - 9079002 < F0_toe
o - 4 - = z10t0z
= C 6075002 2 © 6075002 3 | 607 0TOZ
B - Z1T 00z - Z1T 00z 9070102
- E0TH00Z - E0TH00Z | B0 O10Z
E - Z1 6002
90" E00Z 90" E00Z - 0-6002
C B0 Z00Z C B0 Z00Z " anTBO0T
- Z1TT00Z - Z17T00Z £07600Z
I T T T T T T T = mclnﬂDDN I T T T T T T T T - MDIﬁGDN I T T T T T T N.ﬂ NBDN
SEEREE 588 2R EEEEREE: EEEEERE
- o oA A O T F mme A Hd Ao D K@ on 9 &
o o o o o o oo o L R e e T e Y i e Y e Y T R o o o o o o o o






media/file5.jpg
Correlation

TD BANK US HOLDING COMPANY
HSBC NORTH AMERICA HOLDINGS INC.
CAPITAL ONE FINANCIAL CORPORATION
PNC FINANCIAL SERVICES GROUP, INC.
U.5. BANCORP.

WELLS FARGO & COMPANY

Citi Group
BANK OF AMERICA CORPORATION

JPMORGAN CHASE & CO.

0.0%






media/file3.jpg





media/file1.jpg
RECHEH T

e i

:i[W:;Q’C

‘?iiiiiim?méii’?f i






media/file7.jpg





media/file10.png
W Outstanding lag 12M
Outstanding lag O
M Outstanding lag 6M

5.0% -
4.0% -
3.0% -
2.0% -
1.0% -
0.0% -

ANVdWOD SNIATOH SN XNVE dl

ONI
SONIQTOH YOl43WY HLY4ON 249SH

NOILVYHOdd0D
TVIONVNI4 INO TVLIdVD

"INI
‘dNOYD SIDIAYIS TVIDONVYNI4 ONd

ddOONV4E 'S'N

ANVdNOD %8 09UV STIIM

dnoug 131D

NOILVHOdd0I VOId3INY 40 MNV4

‘00 B ISVHO NVOUOINJI






media/file12.png
p
a " @
g E r & I r g s [ 800z €D
Q (9]
s B - 107 1D @ 3 900¢ €0 2 3 L
RN - s © | s g 8002 20
“ " €107 €D . 9002 20 ‘ " 8002 TO
H - €102 TD i 9007 1O “ | £00T YD
- 7102 €0 ! " o0z 1D £00T €0
- ZT0Z 1D | | £00T 7O
" 110Z €D 5007 £0 | £00ZTD
" 1102 1O " s00z Z0 | 900z ¥D
[ s 9007 €0
- 0102 €D i <00z TO L
[ J 9002 20
- 0T0T 1D = 3 L
" 6007 €D o ¥00Z ¥O . 900Z TO
B = | vooz €0 Z | s0zvo
" 600 TO 2 | a [ S00Z €D
- 8007 €D o ¥00Z 7O 2 " <00z 70
- 800 TD o] v00Z TO o | 5002 TD
- £00T €D P " 00z b0 = ¥00Z YO
- /002 1O 5 | g9 | v00Z €O
" 900T €0 = €002 £0 2 [ v00Z 20
— - O i I -
s - 9007 TD 2 €007 20 > | vooz HM
B €007 v
- 5002 £D Z z L
- 5002 TD 5 | E00zTO z €007 €0
r M 2002 vO .m | £00C 70
" p0OZ €D a 2007 €0 €002 1O
" ¥00Z TD | | Z00Z vO
- €002 €D €00Z 0 | z00z €0
- €00C 1D " zo0z TO | 200z D
- 3 2002 1D
- 2002 €D 1002 0 I
- 2002 1D | | 1002 D
> - " 100Z €D - 1002 £0 > | _ _ . . 100Z €0
e =] =] v =] =] g < < <
m & m M N N A4 A O 9 m ~ I — = =] S g o N = - < <
£ © © © © © © © © o o ® o =] o =] 1=} =] e o © © e © e
8
0 @
= 0 %)
9 @ r © = r 0 r
5 o R Ae 8§ = - p102 TO g = [ T10Z £
u 3] - B -
, [ €707 €D ,..m @ - €107 €D s § [ 1102 TD
“ [ €102 TO ' [ €102 TD “ - 0107 €D
- - L L
[ 0T €D [ 2T0T €0 ' - o102 1O
[ 20T 1D C 2102 1D i
C TT0Z €0 © 1107 €D [ 6002 £D
[ T10Z 1D [ 1107 TO [ 6002 1D
© 0T0T €0 © 0T0C €0 U ” 8007 €0
C 0T0Z TD C 0T0Z TO P [ o0z 10
3 [ 600Z €D [ 600Z €O ) -
= [ 6002 TD [ 600Z TO m " £007 €D
g [ 800 €D [ 8007 €0 a [ 2002 TD
o - - I
o [ 8007 1D [ 800T TO = - 900z £0
o] [ £00Z €O [ £00Z €D 2 [ 00z 10
<
g [ £00Z TO [ £00Z TO s -
m [ 9007 €O a C 9007 £D < | 500Z £D
= 9002 TO S [ 900Z TD E " 500 TD
o F S00Z €D Z - 500z €0 9 [
e - < - = 007 €0
= [ 500 TD - [ S00Z 1O 2 [
= © $00Z €D S C ¥00Z €D 2 | 700210
C 7002 TO - p00Z TO | €007 €D
[ €00C €0 [ €00C €0 " €00 1D
[ £00Z TD [ €002 TO |
C C 2007 €0
[ 200Z €D [ zooz €0 i
[ 200Z 1D - Z00Z 1D | 00T T
& r T T T T T T T T T 100z €D Fall T T T T 1002 €D Fall T T T T T 100Z €D
2o o® o® o® 8 X ® ¥ ¥ ¥ ¥ $ = 2 2 2 2 2 £ ® ¥ ¥ ¥ ¥ ¥
m o wn o wn o [Tal o [Tal o wn o w wn o 2] o [ o Q0 o o o o o o o
g 0T =T m MmN N o 9 9 9 g N I T I = R = $ @ o T m N = 3
¥ © 0O © o 8 9 9 & S S O x O = O = O = I = x o © © ©o o o o
a @
v —_ [%)
gz C § = r 2 -
s & [ €102 TO 5 G [ ¥10Z IO 8 9002 ¥O
' [ Z10Z €D | [ £T0Z £0 5 9007 £0
] L ] F = 3
h [ Z10Z TO H [ €102 1D ! 900Z 20
3 [ ZT0Z €D ! I
[ TI0Z €D 5 N ) 9007 TO
© 1102 TO  ctoet " 500z ¥D
C [ TT0Z €0
[ 0T0Z €D r -
- 1102 TO 500C €0
[ 0T0Z TD C -
r o [ 0T0Z €D z 002 20
[ 600Z € C =} -
- 6002 TO [ oroe o S $00Z TO
L [ 600Z €O o -
; © 8007 €O L e v002 O
o + [ 600C TD s 3
& [ 800Z TD > F 2002 €0 S | ¥00Z €D
m [ £00Z €D < " 8002 TO 2 002 70
z [ 00T TO 2 [ £00T €0 S v00Z TO
z F 9007 €0 o [ £00Z TD < £00Z ¥
m [ 900 TO 2 - 900z £0 o £00Z €D
3 & [ 900Z TO =z -
= [ S00T €D < r N S £00Z 20
= [ 500Z TO n L S00CE = I (o)
= [ S00T TO = £00ct
[ ¥00T €D w C % I
C 2 © v00Z €0 S 2007 ¥O
[ ¥00Z TD r -
C 5 C ¥00Z TO 2007 €0
£00Z € C B
- £00z 10 [ £00Z £D 2002 270
- [ €002 TO - °
200z £0 - z00z 1
L [ z00z €0 " 00z b0
[ 200Z IO [ z00Z 1D |
- L 1002 €0
m r T T T T T T 100z €0 Fall T T T T T T T T 100¢ €0 Fall, T T T T T T
g ¥ ¥ ® 8 ¥ ¥ R ¥ 2R OE X R EEEREE g2 o® o® o2 X ® ®» ¥
g = ® & & 4 3 8 8 § 23S ML 3338 gR 3 3 8§ & ) 3 3
(-4 o o o o o o o o x O o o o o o o o o o x o (=] (=] (=] (=] o o o






media/file9.jpg
mOutstanding g 12
Outstanding g0
= Outstanding lag M

sox

§ 8 8

a0
30

J ANVAINO) ONIQTOH SN YN8 QL

NOLLHOANOD
WONYN INOWLIAYD
N
4N0YO STINS WNYNIA NG
u asoonva'sn
u ANVANOD % 00NV STIM
u dnoio >

u NOLLVHOGHOD VOI3Y 40 Vel

" 1038 35VHO NVOUOWA!






media/file0.png





media/file8.png
JPMORGAN CHASE & CO. BANKOF AMERICA CORPORATION Citi
35.0% - 40.0% - 45.0% -
30.0% i , - 350% T 400% 7]
25 o0 30.0% - 35.0% -
. 0
30.0% -
25.0% -
20.0% A 25.0% -
20.0% -
15.0% - 20.0% -
15.0% -
10.0% 15.0% -
. 0
10.0% - 10.0% -
5.0% - - 5.0% - 5.0% -
0.0% " T T 1 /\‘ = 0.0% T T Y —= = 0.0% T T f T
0.0% 0.1% 0.2% 0.3% 0.4% 0.5% 0.0% 0.1% 0.2% 0.3% 0.4% 0.5% 0.0% 0.2% 0.3% 0.4% 0.5%
Recovery Recovery Recovery
WELLS FARGO & COMPANY U.5. BANCORP PNCFINANCIALSERVICES GROUP, INC.
35.0% - 60.0% - 60.0% -
30.0% - 50.0% - 50.0% -
25.0% -
40.0% - 40.0% -
20.0% -
30.0% 30.0% -
15.0% -
10.0% - 20.0% - 20.0% -
. 0
5.0% A 10.0% - 10.0%
0.0% 0.0% . ' 0.0% T T
0.0% 0.1% 0.2% 0.3% 0.4% 0.5% 0.0% 0.1% 0.2% 0.3% 0.4% 0.5% 0.0% 0.2% 0.3% 0.4%
Recovery Recovery Recovery
CAPITALONEFINANCIALCORPORATION HSBC NORTH AMERICA HOLDINGS INC.
30.0% - 40.0% - 50.0% - TD BANK US HOLDING COMPANY
25 0% - 35.0% - 45.0%
= 40.0% -
30.0% - \ 35 0%
20.0% - \ =
25.0% - \ 30.0% \
15.0% 20.0% A \ 25.0% \
10.0% - 15.0% - ‘ 20.0% - \
= 15.0% -
10.0% - R Lo0% \
5.0% - \ 0% - \
5.0% - ! \ 5.0% - \
~
0.0% 0.0% ,- = T T 0.0% T - T T
0.0% 0.2% 0.4% 0.6% 0.8% 1.0% 0.0% 0.2% 0.4% 0.6% 0.8% 1.0% 0.0% 0.2% 0.3% 0.4%
Recovery Recovery Recovery






media/file11.jpg
O

T






media/file6.png
Correlation

TD BANK US HOLDING COMPANY

HSBC NORTH AMERICA HOLDINGS INC.
CAPITAL ONE FINANCIAL CORPORATION
PNC FINANCIAL SERVICES GROUP, INC.

1.5%

U.S. BANCORP

WELLS FARGO & COMPANY

Citi Group

BANK OF AMERICA CORPORATION

JPMORGAN CHASE & CO. 1.3%

0.0% 0.6% 1.2% 1.8%






