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Abstract 

We analyze how a bank’s loan portfolio diversification is related to the bank’s risk management 

quality, as reflected in the forecasting error of its future net charge-offs based on its loan loss 

provisions. We find that loan loss provisions for diversified banks are more informative about 

future net charge-offs than specialized banks.  This finding is consistent with diversification 

aiding a firm’s risk management, as idiosyncratic risks associated with multiple portfolios can be 

diversified and become muted.  We also find that an increased focus on commercial real estate 

lending is associated to some degree with poorer forecast accuracy.  Bank size, as measured by 

total assets, has no effect on loss forecasting accuracy after controlling the loan diversification 

impact.    

 

Keywords: Bank, risk management, loan loss provision, portfolio diversification 

JEL Classifications: G21, G30 

 

                                                           
1 Both authors are with Banking Supervision and Regulation, Federal Reserve Board of Governors, Washington, DC 
20551.  Firestone: simon.b.firestone@frb.gov, (202) 785-6056.  Wang: ke.wang@frb.gov, (202) 912-4694.  Ross 
Green provided excellent research assistance.  This paper does not necessarily reflect the opinions of the staff or 
members of the Board of Governors or the Federal Reserve System.   

mailto:simon.b.firestone@frb.gov
mailto:ke.wang@frb.gov


1 
 

Introduction 

The recent financial crisis highlights the importance of internal risk management in financial 

institutions. Quantifying the soundness and quality of banks’ risk management practice is not an 

easy task, as it relates to ex ante expectations that can be quite different from ex post outcomes. 

Ellul and Yerramilli (2013) construct a risk management index that measures the independence 

and power of risk management function in the bank’s organization structure. In this paper, we 

use the gap between a bank’s reported loan loss provisions and its future net charge-offs to 

measure the quality of bank’s risk management, in particular, on the understanding and 

recognition of credit risk. In general, provisions should roughly match charge-offs if banks have 

good risk models to accurately estimate future credit losses of their loan portfolios and do not 

manipulate either the provisions or charge-offs from incentives other than allocating resources to 

compensate future risks.  

Banks are required by regulators to report loan loss reserves that are supposed to represent the 

best estimate of expected losses on their loan portfolio.  From an accounting perspective, loan 

loss reserves appear on banks’ balance sheets as a reduction in their assets, or a ‘contra-asset’ 

account.  Adjustments to reserves, as losses are realized and new information arrives in the 

portfolio, are reflected in provisions for loan losses on a bank’s income statement.  For all US 

commercial banks in aggregate, loan loss reserves reached about $235 billion dollars in the 

second quarter of 20101.  Figure 1 shows that for large domestically chartered US banks, they 

represent around 1.5% to more than 4% at the peak of total loans and leases.   

                                                           
1 See Table H.8 at http://www.federalreserve.gov/econresdata/releases/statisticsdata.htm 
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In addition to loan loss reserves and provisions, banks also report on charge-offs2.  Charge-offs 

represent the point where the bank actually recognizes the loss on a particular loan.  Banks have 

some discretion with the time and amount of charge-offs.  The timing is supposed to be when, in 

the banks’ opinion, a borrower is unlikely to pay back what is required.  Banks may either charge 

off the entire loan or, if they think it is likely that they will collect part of their principals, write 

down part of the loan.  Charge-offs and write-downs are deducted from both loans and loan loss 

reserves, and so have no direct effect on a bank’s assets.  If the loss on the loan is anticipated, 

then there is no effect on bank income.  However, if the loss was unanticipated, then the bank 

                                                           
2  See Walter (1991) for a more complete account of institutional details.   
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would likely add the charge-off or write down to its provisions for that year, and thus reduce its 

income. 

Ideally, banks’ loan loss provisions could accurately forecast the charge-offs in subsequent 

periods, so that charge-offs do not cause surprises, but such accurate prediction does not always 

happen. In Figure 2, we plot the gap between the loan loss provision and the net charge-off in the 

following quarter for each bank as a percentage of its net charge-off, using banks’ quarterly 

reporting data from SNL Financials. It is obvious that this forecasting gap is not always close to 

zero. It fluctuates over time for each bank. Moreover, for the largest five banks by asset size, 

which we plot in Figure 2A, the band of variation of this gap is narrower than it for the group of 

banks including smaller ones, which is plotted in Figure 2B. From this visual observation, we 

suspect that there is some interesting relationship between bank characteristics and the predictive 

power of bank’s loan loss provisions. Large banks seem to have better prediction on their future 

net charge-offs and this better prediction is reflected in their more accurate loan loss provision 

assignment. Our statistical analysis shows that this seeming relationship is explained by smaller 

banks’ greater focus, particularly on commercial real estate, rather than size itself.   



4 
 

  

 

-300.0%

-200.0%

-100.0%

0.0%

100.0%

200.0%

300.0%

400.0%

500.0%

20
11

Q
1

20
10

Q
4

20
10

Q
3

20
10

Q
2

20
10

Q
1

20
09

Q
4

20
09

Q
3

20
09

Q
2

20
09

Q
1

20
08

Q
4

20
08

Q
3

20
08

Q
2

20
08

Q
1

20
07

Q
4

20
07

Q
3

20
07

Q
2

20
07

Q
1

20
06

Q
4

20
06

Q
3

20
06

Q
2

20
06

Q
1

20
05

Q
4

20
05

Q
3

20
05

Q
2

20
05

Q
1

G
ap

 a
s %

 o
f N

CO
 

Figure 2A: Quarterly Loan Loss Provision to Net Charge-off Gap 
Top 5 Banks 

Bank of America Corporation Wells Fargo & Company
JPMorgan Chase & Co. Citigroup Inc.
U.S. Bancorp
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Figure 2B: Quarterly Loan Loss Provision to Net Charge-off Gap 
Top 40 Banks 

Quarter 
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Previous studies on loan loss provisions also documented other incentives for banks to set the 

loan loss reserves and provisions, namely, tax reduction, capital management, revenue 

smoothing, and signaling financial strength. Among these other incentives, tax reduction and 

capital management incentives become obsolete with regulation changes since the late 1980s. As 

shown in Walter (1991), the tax benefit of provisions became less important in impacting 

provision decisions after the Tax Reform Act of 1986, which eliminated provisions from tax-

deductible pre-tax expenses if loan loss reserves exceed the amount of loans actually charged off 

in the past3. Ahmed et al. (1999) show that the 1990 change in bank capital adequacy regulations 

made it less attractive for banks to increase loan loss reserves to meet capital requirement since 

loan loss reserves do not count as part of the Tier 1 or primary capital and can only count as part 

of the total capital up to 1.25% of risk-weighted assets under the new regulations.    

With regard to the earnings management and signaling incentives of loan loss provisions, 

empirical evidence in the previous literature is mixed. The earnings management hypothesis 

states that banks should set aside higher provisions or take more charge-offs when earnings are 

high and do the opposite when earnings are low, thus  smoothing earnings in financial reports. 

While Collins et al. (1995) find that profitable banks have a positive relationship between loan 

loss provisions and their earnings using annual data from 1971 to 1991, Moyer (1990), Beatty et 

al. (1995), and Ahmed et al. (1999) all fail to find evidence supporting the earnings-smoothing 

hypothesis. Banks may also use loan loss provisions to signal private information about future 

earnings changes. The higher their expected earnings, the less costly it is for them to provision 

for future losses. Beaver et al. (1989) suggest that investors interpret an increase in loan loss 

provisions as a sign of financial strength. As a result, the unexpected, or “discretionary”, 

                                                           
3 For large banks with more than $500 million in assets, reserves are capped at the actual charge-offs during the 
year. For smaller banks, reserves are capped at the average of actual charge-offs during the past six years.  
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provisions should be positively associated with future pre-loan loss earnings changes and stock 

returns. Wahlen (1994) and Beaver and Engel (1996) find supporting evidence to this signaling 

hypothesis, but Ahmed et al. (1999) do not find relationship between provisions and future 

earnings and document a negative relationship between provisions and stock returns.  

After reviewing these previous studies on loan loss provisions, we believe the primary purpose 

of provisions is still to  prepare for the estimated future loan losses. The gap between loan loss 

reserves and actual future loan losses may not be only due to the inaccuracy of estimating future 

loan losses, but the mis-estimation should be a major cause of discrepancy. In the organizational 

structure of a typical bank, loan loss reserves (or allowance, ALLL) and provisions are normally 

responsibilities of the accounting department for the final report, but the information on loan loss 

forecasting, charge-offs  are collected from risk management division and/or business units who 

are in charge of respective loans. A close match between provisions and future net charge-offs 

could be the result of both an accurate loss-forecasting model and good communications between 

risk management division and accounting department – and both are needed for an efficient risk 

management practice. We examine the gap between c in order to shed light on banks’ risk 

management efficiency.  

Our research complements that of Ellul and Yerramilli (2013), who propose a risk management 

index (RMI) to reflect the soundness of risk controls of bank holding companies (BHCs) and 

find a relationship between the index and the tail risk of the BHCs.  Ellul and Yerramilli (2013) 

focus on institutional details of the corporate risk function such as the independence and strength 

of the Chief Risk Officer and Board’s audit committee.  Our paper proposes a different measure 
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of bank risk management, namely, the forecasting error of loan loss provisions for future charge-

offs and focuses on how bank portfolio characteristics affect risk management.4   

Our findings also add a new perspective on loan portfolio diversification. We show that loan 

product diversification is associated with smaller fluctuation in total loan loss forecasting errors. 

This could be explained by the benefits of diversification in the sense that diversified risks are 

easier to predict as a whole since errors in individual product’s loss forecasting are not perfectly 

correlated. Alternative, diversification in loans may be also an indicator of sound risk 

management practice, hence portfolio diversification and smaller loss forecasting errors are 

simultaneously determined by good risk controls. There is a long string of literature on the 

benefits and costs of bank loan diversification. On one hand, diversification could improve risk-

adjusted returns as portfolio theory predicts. According to Boyd and Prescott (1986), banks 

should diversify their risk as much as possible.  On the other hand, diversification also increases 

the costs that banks pay to screen and monitor borrowers, so a bank focusing on a particular 

market may benefit from better knowledge of its specialization, suffer smaller agency problem, 

and realize more economy of scales from close-related clients. Winton (1999) derives a 

theoretical model in which benefits of diversification is non-linear in the sensitivity of loans to 

downside risks. Diversification works best for loans with mid-level downside risks and for banks 

with little monitoring incentives. Acharya et al. (2006) tests some hypotheses implied from 

Winton’s model with Italian bank data and shows that industrial and sectoral loan diversification 

does not produce better risk-adjusted returns or enhance the safety of banks. Our paper focuses 

on product diversification, i.e., the type of loans such as commercial loan, consumer loan, or real 

estate loan. We argue another advantage of diversification is that diversification makes loan loss 

                                                           
4 An interesting project would be to compare their measure with ours.  Data limitations for the moment leave this to 
future work.   



8 
 

forecasting easier and banks with a diversified portfolio are better prepared for upcoming loan 

losses with more forward-looking provision management. The impact of diversification to risk 

management efficiency has not been explored in previous studies on bank portfolio 

diversification.  

In summary, we find that big banks tend to have less variance in the gaps between loan loss 

provisions and future net charge-offs over time, but size is not the reason that drives this result. It 

is the loan diversification across business lines that make some banks to be able to predict losses 

more accurately than other banks. Furthermore, if a bank has loan portfolio more concentrated in 

commercial real estate lending, the bank has more forecasting error in its net charge-offs, likely 

due to the volatile and cyclical feature of the commercial real estate loans.  

Data  

We retrieve financial data for U.S. BHCs from SNL Financial database. BHCs in our sample are 

publicly-listed US banks that are insured by FDIC and required by FFIEC (Federal Financial 

Institutions Examination Council) to file the quarterly “call reports”. The financial data we 

retrieved from SNL are the same as the balance sheet and income statement data from quarterly 

“Call” reports (Consolidated Report of Condition and Income) banks filed with their regulators. 

We keep only the top-tier consolidated reports so in this paper BHCs and banks are 

exchangeable terms. Our empirical results are based on a panel of 10,271 bank-quarters spanning 

from the first quarter of 2003 to the fourth quarter of 2012 for 128 ongoing banks and 123 

discontinued banks5.  

                                                           
5 An “ongoing” bank is a bank still in operation as of the end of 2012. A “discontinued” bank is a bank that was in 
operation at the beginning of 2003 but stopped operation before the end of 2012 due to failure, merger and 
acquisition, or other reasons.  
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Our main variables of interest are net charge-offs and loan loss provisions. If both of these 

variables are missing for a majority of quarters for an ongoing bank, we exclude this bank from 

our sample. As a result, our sample of ongoing banks consists of 34 large banks with average 

total assets over the sample period larger than $10 billion and 94 smaller banks that have good 

quality of data. Among all the ongoing banks, 98 banks have annual average total assets larger 

than $1 billion. As of the fourth quarter of 2012, the ongoing banks in our sample cover about 

95% of the total assets for US domestically chartered commercial banks6. To roughly match the 

size of our ongoing bank sample, we include the discontinued banks available in SNL 

“Acquired/Defunct Companies” database only if their initial total assets in the first quarter of 

2003 are larger than $1 billion.  We also remove the bank-quarters when both net charge-offs 

and loan loss provisions are missing.  The summary statistics of key variables in our empirical 

analysis for ongoing banks and discontinued banks are shown in Table 1. 

[INSERT TABLE 1 HERE] 

We also obtain loan portfolio data from SNL. Each bank’s loan portfolio has five major 

categories: commercial real estate (CRE) loans, commercial and industrial (C&I) loans, 

consumer real estate loans, consumer non-real estate loans, and other.7 We calculate the shares of 

loans in each category and construct the Herfindahl-Hirschman Index (HHI) for each bank 

reflecting diversification across these five types of loans. In contrast to previous studies focusing 

on diversification across geographic regions or industrial sectors, our HHI reflects bank’s loan 

diversification across different business lines.  

                                                           
6 According to data in Federal Reserve Statistical Release H8 
(http://www.federalreserve.gov/releases/h8/current/default.htm#fn19) 
7 Consumer real-estate loans are the difference between bank’s total real estate loans and CRE loans. 
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The CAMELS ratings in Table 1 are downloaded from the National Examination Data (NED), 

which is maintained by the Federal Reserve System. We merge the CAMELS ratings with the 

financial variables from SNL by RSSD, which is a unique identifier developed by the Federal 

Reserve for financial institutions. CAMELS ratings are assigned by the bank’s primary 

supervisor and measure banks’ safety and soundness. CAMELS includes information on  

• Capital Adequacy 

• Asset Quality  

• Management quality 

• Earnings 

• Liquidity --- how the bank matches is assets and liabilities timing 

• Sensitivity to market risk --- how the bank is protected from market fluctuations 

Banks receive a rating between one and five for each of these six factors and a composite rating, 

with one to be the best rating. We use the composite rating for our analysis. Most banks receive a 

two for the composite rating. 

Empirical Strategy 

We study the relationship between bank characteristics and loss provision forecast errors through 

a three-stage process: 

• As many banks exit our sample early, and the bank characteristics associated with 

survival may also be correlated with loss forecast errors, we first estimate a Probit 

equation for the probability of survival at horizons between one and seven quarters, and 

use the inverse Mills ratio for a Heckman correction. 
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• In the second stage, we forecast net charge-offs at horizons varying between one and 

seven quarters, with loan loss provisions and other controls. 

• In the third stage, we analyze the heteroskedasticity from the third stage, testing its 

relationship to bank size and portfolio characteristics. 

As the dependent variable in the third stage is a generated variable and estimated with error, we 

use a robust test for heteroskedasticity discussed in Wooldridge (2002).  We test loss forecasts 

for between one and seven quarters because we are agnostic as to how far ahead banks forecast 

losses.   

First Stage: Survival 

We use a Probit equation to estimate the probability of bank survival as a function of its return 

on assets and CAMELS rating.   

Pr�𝑆𝑢𝑟𝑣𝑖𝑣𝑒𝑖,𝑡+𝑛� = 𝐹(𝐶𝐴𝑀𝐸𝐿𝑆𝑖,𝑡,𝑅𝑂𝐴𝐴𝑖,𝑡)   (1) 

We use the most recent available CAMELS rating if the firm did not receive one at time t.  

CAMELS, as discussed above, provides a holistic view of a bank’s safety and soundness.  We 

expect more robust banks to have a higher ROAA, and be more likely to survive.  Thus, we 

expect positive coefficients for ROAA, and negative coefficients on the worst CAMELS 

ratings8. 

Second Stage: Charge-off Forecasts 

We estimate the equation: 

                                                           
8 We explored using bank size in this stage as well, but found the effect was neither robust nor economically 
significant.   
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𝑛𝑐𝑜𝑖𝑡+𝑛 = 𝛼 + 𝛽𝑝𝑟𝑜𝑣 ∗ 𝑝𝑟𝑜𝑣𝑖𝑠𝑖𝑜𝑛𝑠𝑖𝑡 + 𝛽𝑛𝑐𝑜 ∗ 𝑛𝑐𝑜𝑖𝑡 + �⃑� ∗ 𝑋𝑖𝑡 + 𝜀𝑖𝑡 (2) 

where 𝑛𝑐𝑜𝑖𝑡 is net charge-off for bank 𝑖 at time 𝑡; 𝑝𝑟𝑜𝑣𝑖𝑠𝑖𝑜𝑛𝑠𝑖𝑡 is provisions, and  𝑋𝑖𝑡 is a vector 

of controls that generally includes fixed effects for bank and quarter.  We also include 

information on income and total loan loss reserves to control for potential tax and income 

smoothing incentives, as discussed in Ahmed (1999) and elsewhere9.  All variables are 

normalized by total assets at time t.  

We include contemporaneous net charge-offs because banks experiencing unexpected net credit 

losses in a period may provision for those losses in the same quarter by increasing provisions.  

Having contemporaneous charge-offs in the equation controls for such provisioning for 

contemporaneous losses, allowing us to interpret 𝛽𝑝𝑟𝑜𝑣 as a reflection of the relationship of 

provisions and future losses.   

For our estimation sample, we eliminate observations where a bank’s assets grow by more than 

20% from period t to period t+n, as such expansions are likely to represent a large merger or 

acquisition, and thus a substantially different entity at time t+n, with different expected losses 

conditional on information at time t.  We also include fixed effects for each bank and quarter.   

Third Stage: Bank Forecast Errors 

In our main equation of interest, we explore the relationship between the variance of un-

forecasted net charge-offs and bank characteristics, including portfolio composition and total 

assets.  A larger value for  𝜎2, the variance of the error term from equation (2), for banks with 

                                                           
9 Banks have an incentive to increase their provisions during periods of high income in order to smooth income, 
which would make the bank more appealing to shareholders.  Such increases in provisions also reduce the bank’s tax 
burden.  However, the tax benefit of loan loss provisions depends on the level of reserves.  For example, if reserves 
are higher than 1.25% of assets, provisions are no longer deductible.   
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some characteristics suggests that the unforecasted component of net charge-offs is larger for 

such banks.  Econometrically, this is equivalent to studying the distribution of heteroskedasticity 

in equation (2), conditional on firm characteristics.  A key challenge in studying 

heteroskedasticity is that we only observe fitted values 𝜎2�  , rather than the variance of the error 

term from the true forecasting relationship.  As discussed in Wooldridge (2002)10, we can obtain 

a robust test statistic by first estimating the equation  

𝜀𝚤,𝑡+𝑛2� = 𝛼 + 𝛽𝑍𝑖𝑡 + 𝜔𝑖𝑡      (3) 

where 𝜀𝚤,𝑡+𝑛2�  is the squared residual from equation (2) and 𝑍𝑖𝑡 is a vector of firm characteristics.  

The test statistic 𝑁 ∗ 𝑅2 where N is the number of observations and 𝑅2 is the standard regression 

diagnostic R-squared from equation (3), has an asymptotic χ𝑄2  distribution, where Q is the 

dimension of Z.  If we reject the null hypothesis that 𝑁 ∗ 𝑅2 is zero, the result is consistent with 

the error term distribution depending on the bank characteristics in Z.   

Results 

We first estimate the survival equation, equation (1) above, for a variety of horizons.  Table 2 

shows the results.  A CAMELS rating of five the worst, predicts a smaller probability of 

survival, while the coefficients on the other four ratings are not significantly different from each 

other.  As predicted, a higher return on assets is associated with a greater probability of survival.  

These results are consistent for horizons between one and seven quarters. 

[INSERT TABLE 2 HERE] 

                                                           
10 See Section 6.2.4, ‘Testing for Heteroskedasticity.’   
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In the second stage, we estimate future net charge-offs.  The coefficient on loan loss provisions 

remains significant for all seven quarters, peaking in size and statistical significance at a horizon 

of four quarters.  Results are in Table 3.  Loan loss provisions have a robust and economically 

significant power to predict future charge-offs.   

[INSERT TABLE 3 HERE] 

While the coefficients on current net charge-offs, current reserves, and current income are not the 

focus of our paper, they are worthy of comment due to their importance in past research. Current 

reserves has a consistent positive sign and is statistically significant up to a horizon of five 

quarters, which can probably be explained by the fact that reserves is the sum of past provisions, 

which also reflects bank expectations of future losses.  Net interest income has a negative and 

significant sign up to seven quarters.  The sign of the effect on income is in contrast to 

predictions that for earnings smoothing it is more advantageous to increases charge-offs or 

provisions when income is high.  

Next, we move to the third stage of our empirical studies: analyze the distribution of forecasting 

errors from the second stage. In this stage, we retain log assets as an explanatory variable, and 

add additional controls for bank portfolio composition.  Our variables include the share of the 

loan portfolio that is 

• Consumer real estate loans 

• Commercial and industrial loans, excluding commercial real estate 

• Consumer loans excluding real estate, such as credit cards 

• Commercial real estate loans 
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Our data includes a small ‘other’ category, which we omit from the regressions to obtain a full 

rank matrix.  We also include a Hirschman-Herfindahl index to control for the degree to which 

the bank specializes in one line of business.   

As discussed above, we use an ‘𝑁𝑅2’ test for heteroskedasticity which is consistent in spite of 

the fact that the dependent variable, the 𝜀𝚤,𝑡+𝑛2�  from the second stage, are generated regressors.  

We run the test on bank size and the portfolio characteristics individually, as well as on all 

variables jointly.  The results are in Table 4.  Panel A shows χ12 tests where each bank 

characteristic is individually regressed against the error terms, and 𝑁𝑅2 is the test statistic for 

conditional heteroskedasticity.  We can reject the null of no conditional heteroskedasticity for 

any portfolio characteristic, with the exception of bank size as measured by log assets.   

[INSERT TABLE 4 HERE] 

We note that the portfolio shares and Hirschman-Herfindahl index are necessarily correlated with 

each other, so it is difficult to use univariate tests to distinguish which portfolio characteristic(s) 

is or are the dominant effect.  In Table 4 Panel B, we run multivariate regressions of 𝜀𝑖,𝑡+𝑛2  

against all the bank characteristics.  We find that, controlling for other bank characteristics, only 

the share of the portfolio devoted to commercial real estate lending and the Hirschman-

Herfindahl index are consistently statistically significant at all forecast horizons.  We interpret 

this as consistent with two complementary stories.   

• Commercial real estate, in particular, tends to be associated with larger volatility of credit 

losses because such portfolios tend to be ‘lumpy’, representing a relatively small number 

of large-balance loans relative to portfolio size compared to other kinds of assets.   
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• CRE can also be harder to value than other kinds of assets, increasing the recovery risk 

from collateral.   

Given the substantially larger magnitude of the coefficient on the commercial real estate share, 

we think this represents the more substantial finding of our analysis.   

Subsamples 

Given that our sample represents two very different economic periods, we test on subsamples of 

up to 2006 and after 2006 to see if our results are consistent across these periods.  We repeat all 

three stages of our analysis for each subsample.   

For both the pre-crisis and post-crisis sample, we find that results from the first two stages 

largely match the results in the full sample in sign and magnitude, although partly due to a 

decrease in sample size many results are no longer statistically significant.  This is particularly 

true of the pre-crisis sample, as it is smaller and there is less variation with regard to both bank 

losses and exit from the sample.  We omit the results from the first two stages for sake of brevity.   

Univariate and multivariate analysis of forecast errors for the pre-crisis period are in Tables 5A 

and 5B, and for the crisis and post-crisis period in Tables 6A and 6B.  None of the portfolio 

characteristics are significant during the pre-crisis period.  During the post-crisis period, the sign 

and magnitude for the coefficients on the Hirschman-Herfindahl index and the commercial real 

estate share are consistent with results from the full sample.  Again, the statistical significance 

declines or disappears in some cases due to the decrease in sample size.  This result suggests that 

most of the identification of these coefficients is due to the post-crisis period.   

[INSERT TABLE 5 AND 6 HERE] 
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Conclusion 

We use the forecast errors from a regression of charge-offs on loan loss provisions to measure 

the quality of bank risk management.  Using methodology that controls for survival bias and 

generated regressors, we find that the variance of forecast errors is positively related to focus on 

commercial real estate and negatively related to bank diversification, as measured by 

concentration in assets classes.  We note that our results cannot be interpreted as a general 

statement of the relationship between bank size and all forms of credit risk management.  Our 

conversations with banks indicate that many institutions have one group that calculates loan loss 

provisions, and other groups responsible for various other aspects of risk, such as economic 

capital, regulatory capital, and pricing.  Each of these groups may have its own methodology and 

level of sophistication.  We could not state, based on our data, that for example large banks are 

less or more sophisticated with regard to calculating losses within each business line relative to 

specialized institutions.  

A robust ‘negative’ finding from our analysis is that there is no evidence suggesting that large 

banks have a lower forecast variance than small banks.11  Our results suggest that an 

organization’s diversification has a stronger impact on risk management than size.   
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Table 1. Summary Statistics 

Panel A. Ongoing banks

Variable #Obs Mean Std Dev Minimum Maximum
Total Assets 5022       59,547,945       273,800,234              93,917          2,370,594,235 

Total Loans 5022       29,160,425       117,145,069              27,746          1,024,966,633 

Provisions 5022            123,389              762,435 -97,333               13,351,607 

Provision as % of Asset 5022 0.15 0.22 -0.53 3.29
NCO 5022            116,293              675,540 -38,072               10,797,487 

NCO as % of Asset 5022 0.13 0.20 -0.21 4.13
Reserve as % of Asset 5022 1.10 0.55 0.00 4.88

CRE Share 5022 24.95 10.71 0.00 62.72

C&I Share 5022 15.41 8.68 0.00 58.47

Consumer non-RE Share 5022                11.47                  11.91                  0.05                        99.32 

Consumer RE Share 5022                43.73                  11.67                  0.55                        96.24 

Herfindahl Index 5022 3413 875 2111 9865
ROAA 5022                  0.83                    1.78 -17.97                        21.43 

CAMELS 2695                  1.91                    0.75                  1.00                          5.00 

Values of asset, loan, provision, and net charge-off (NCO) are displayed in thousand dollars. 



Table 1
Panel B. Discontinued Banks

Variable #Obs Mean Std Dev Minimum Maximum
Total Assets 1816 25,262,322 97,570,940 208,978 971,457,000

Total Loans 1816 15,119,855 57,372,164 516 566,851,000

Provisions 1816 38,036 264,270 -150,148 6,587,000

Provision as % of Asset 1816 0.16 0.56 -15.58 4.72

NCO 1814 31,613 178,751 -22,997 2,485,000

NCO as % of Asset 1814 0.13 0.47 -11.00 6.31
Reserve as % of Asset 1816 0.99 0.71 0.00 5.19

CRE Share 1816 25.34 13.61 0.00 60.76

C&I Share 1816                        14.93                10.22 0.00                             100.00 

Consumer non-RE Share 1816                          6.28                10.68 0.00                               96.61 

Consumer RE Share 1816                        47.46                19.21 0.00                             100.00 

Herfindahl Index 1816 4106 1593 2069 10000

ROAA 1816 0.41 2.81 -32.26 20.66

CAMELS 951                          2.09                  0.99 1                                 5.00 



Table 2: Probability of Survival N Quarters Ahead

Quarters Ahead (N)
Parameter Est t Est t Est t Est t Est t Est t Est t
Intercept 0.98 7.17 0.62 4.73 0.37 2.88 0.20 1.49 0.07 0.53 -0.10 -0.67 -0.26 -1.63
ROAA 0.08 7.14 0.07 6.79 0.08 7.25 0.08 7.32 0.08 7.31 0.07 7.02 0.07 6.91

CAMELS=1 0.91 5.75 1.12 7.56 1.22 8.41 1.30 8.80 1.33 8.75 1.43 9.08 1.52 9.01
CAMELS=2 0.95 6.50 1.13 8.16 1.23 8.98 1.28 9.14 1.30 8.95 1.39 9.18 1.48 9.07
CAMELS=3 0.99 5.80 1.09 6.96 1.12 7.43 1.12 7.39 1.12 7.16 1.11 6.92 1.12 6.56
CAMELS=4 0.94 4.13 0.93 4.65 0.94 4.89 0.89 4.69 0.82 4.26 0.88 4.42 0.95 4.51

missing_CAMELS -0.60 -8.03 -0.64 -9.69 -0.67 -10.88 -0.66 -11.24 -0.66 -11.58 -0.65 -11.63 -0.65 -11.88

# Obs
Log Likelihood

Probit for Probability of Survival N Quarters Ahead.
CAMELS dummies are relative to a CAMELS rating of '5'.
Pusedo t-statistics is reported in the columns following coefficient estimates.
Coefficients in bold are statistically significant at the 5% level.

-1,972
6,093
-2,125

5,959
-2,238

7

6,725
-973

6,602
-1,303

6,477
-1,565

6,351
-1,788

6,222

1 2 3 4 5 6



Table 3: Forecasting Net Charge-offs

Quarters Ahead
Provisions t Net Charge 

Offs
t Reserves t Income t # Firms # Obs R-Squared

1 0.34 4.18 -12.64 -1.32 0.19 9.93 -0.23 -3.28 242 6,229 0.57
2 0.26 3.34 -7.05 -0.86 0.16 7.68 -0.33 -3.55 238 5,836 0.50
3 0.24 3.67 -4.56 -0.74 0.14 5.91 -0.29 -3.66 232 5,408 0.47
4 0.39 5.74 -10.68 -1.55 0.08 3.87 -0.21 -3.84 224 4,929 0.47
5 0.28 5.86 -11.49 -2.31 0.06 2.70 -0.23 -4.60 217 4,432 0.43
6 0.25 4.58 -15.59 -3.03 0.02 1.14 -0.21 -3.30 205 3,938 0.43
7 0.13 2.76 -7.93 -1.82 -0.01 -0.49 -0.19 -2.92 195 3,471 0.45

OLS Regressions of net charge-offs at time t+n on provisions, net charge offs, reserves, and income at time t.  
Regressions include the inverse Mills Ratio from the first stage, as well as fixed effects for firm and quarter, not shown.
Standard errors are clustered at the firm level.
Coefficients in bold are statistically significant at the 5% level.



Table 4A: Forecast Error Analysis

Panel A: Chi-Squared Tests

Lead HH Index CRE 
Share

Residential 
RE Share

Non-RE 
Consumer 

Share

Non-RE 
Business 

Share

Log 
Assets

HH Index CRE 
Share

Residentia
l RE Share

Non-RE 
Consumer 

Share

Non-RE 
Business 

Share

Log 
Assets

 # Obs

1 31.72 17.42 12.44 18.04 11.20 2.49 0.00 0.00 0.00 0.00 0.00 0.11 6,229
2 26.23 21.56 10.49 19.23 10.49 1.75 0.00 0.00 0.00 0.00 0.00 0.19 5,836
3 33.49 11.88 15.66 16.74 10.26 1.08 0.00 0.00 0.00 0.00 0.00 0.30 5,408
4 13.78 24.12 5.91 17.23 6.40 1.48 0.00 0.00 0.02 0.00 0.01 0.22 4,929
5 14.62 24.80 7.53 18.16 7.97 1.33 0.00 0.00 0.01 0.00 0.00 0.25 4,432
6 18.89 23.62 11.81 20.07 10.63 1.18 0.00 0.00 0.00 0.00 0.00 0.28 3,938
7 17.36 22.56 10.41 19.44 9.02 1.39 0.00 0.00 0.00 0.00 0.00 0.24 3,471

NR2 tests for conditional heteroskedasticity of error terms.
Bold indicates signficant at 5% level.

Test Statistic Significance



Table 4B: Multivariate Analysis of Forecast Error

Qtrs Ahead
Variable Est t Est t Est t Est t Est t Est t Est t
Intercept -0.15996 -2.23 -0.19343 -2.46 -0.23559 -2.59 -0.17355 -2.00 -0.17310 -1.82 -0.14278 -1.49 -0.09971 -0.93

CRE Share 0.00188 3.14 0.00231 3.51 0.00234 3.06 0.00231 3.12 0.00239 2.92 0.00202 2.42 0.00173 1.83
C&I Share 0.00008 0.11 0.00003 0.04 0.00033 0.37 -0.00004 -0.05 -0.00032 -0.34 -0.00072 -0.75 -0.00111 -1.03

Consumer non-
RE Share

-0.00041 -0.65 -0.00038 -0.56 -0.00039 -0.49 -0.00037 -0.48 -0.00059 -0.70 -0.00098 -1.12 -0.00150 -1.51

HH Index 0.00002 5.51 0.00002 5.28 0.00003 5.69 0.00002 4.09 0.00002 4.16 0.00002 4.52 0.00002 4.43
Log Assets 0.00357 1.51 0.00507 1.98 0.00572 1.96 0.00506 1.94 0.00550 1.97 0.00522 1.93 0.00466 1.58

Consumer RE 
Share

0.00031 0.56 0.00034 0.55 0.00058 0.83 0.00027 0.39 0.00021 0.26 -0.00002 -0.03 -0.00047 -0.50

# Obs
R-Squared

Bold indicates individual coefficient is signficant at the 5% level.

3,938 3,471
0.0113 0.0122 0.0128 0.0114 0.0135 0.0169 0.0178
6,229 5,836 5,408 4,929 4,432

71 2 3 4 5 6



Table 5A: Chi-Squared Tests, Pre-Crisis

Lead HH 
Index

CRE 
Share

Residential RE 
Share

Non-RE 
Consumer Share

Non-RE 
Business 

Share

Log 
Assets

HH 
Index

CRE 
Share

Residential 
RE Share

Non-RE 
Consumer 

Share

Non-RE 
Business 

Share

Log 
Assets

 # Obs

1 0.8289 0.5526 0.2763 0.0000 0.0000 1.11 0.36 0.46 0.60 1.00 1.00 0.29 2,772
2 0.7320 0.4880 0.2440 0.0000 0.0000 0.73 0.39 0.48 0.62 1.00 1.00 0.39 2,448
3 0.8408 0.6306 0.2102 0.0000 0.0000 0.42 0.36 0.43 0.65 1.00 1.00 0.52 2,109
4 0.5238 0.8730 0.1746 0.0000 0.0000 0.35 0.47 0.35 0.68 1.00 1.00 0.55 1,752
5 0.5628 0.9849 0.2814 0.0000 0.1407 0.28 0.45 0.32 0.60 1.00 0.71 0.60 1,410
6 0.5455 0.9819 0.2182 0.1091 0.1091 0.22 0.46 0.32 0.64 0.74 0.74 0.64 1,093
7 0.6696 0.4185 0.2511 0.0837 0.0000 0.17 0.41 0.52 0.62 0.77 1.00 0.68 837

NR2 tests for conditional heteroskedasticity of error terms.
Bold indicates signficant at the 5% level.
Sample limited to pre-crisis period.

Test Statistic Significance



Table 5B: Multivariate Analysis of Forecast Error, Pre-Crisis Sample

Qtrs Ahead
Variable Parameter t Parameter t Parameter t Parameter t Parameter t Parameter t Parameter t
Intercept 0.0196 1.31 0.0198 1.05 0.0168 0.78 0.0231 0.79 0.0272 0.77 0.0399 0.85 0.0647 0.99

CRE Share -0.0001 -0.41 0.0000 -0.23 0.0000 0.01 0.0000 -0.05 0.0000 -0.04 -0.0001 -0.13 -0.0002 -0.43
C&I Share -0.0001 -0.53 -0.0001 -0.67 -0.0001 -0.60 -0.0002 -0.79 -0.0003 -0.85 -0.0004 -0.91 -0.0005 -0.85

Consumer non-
RE Share

-0.0001 -0.63 -0.0001 -0.44 0.0000 -0.20 -0.0001 -0.41 -0.0001 -0.44 -0.0002 -0.56 -0.0004 -0.67

HH Index 0.0000 -0.84 0.0000 -0.90 0.0000 -0.86 0.0000 -0.71 0.0000 -0.70 0.0000 -0.62 0.0000 -0.61
Log Assets -0.0006 -0.98 -0.0005 -0.67 -0.0004 -0.44 -0.0004 -0.36 -0.0004 -0.32 -0.0006 -0.39 -0.0010 -0.53

Consumer RE 
Share

-0.0001 -0.57 -0.0001 -0.45 -0.0001 -0.35 -0.0001 -0.56 -0.0002 -0.59 -0.0003 -0.68 -0.0004 -0.75

# Obs 2,772 2,448 2,109 1,752 1,410 1,093 837
R-Squared 0.0009 0.0008 0.0009 0.0011 0.0015 0.0021 0.0022

OLS analysis of forecast error, pre-crisis sample.  
Bold indicates individual coefficient is signficant at the 5% level.

71 2 3 4 5 6



Table 6A: Chi-Squared Tests, Post-Crisis

Lead HH Index CRE Share Residential 
RE Share

Non-RE 
Consumer 

Share

Non-RE 
Business 

Share

Log Assets HH Index CRE Share Residential 
RE Share

Non-RE 
Consumer 

Share

Non-RE 
Business 

Share

Log Assets  # Obs

1 49.23 10.91 17.45 15.58 10.59 2.80 0.00 0.00 0.00 0.00 0.00 0.09 3,116
2 42.70 13.56 15.00 16.16 9.52 1.73 0.00 0.00 0.00 0.00 0.00 0.19 2,885
3 48.76 7.69 19.35 14.58 9.28 1.33 0.00 0.01 0.00 0.00 0.00 0.25 2,650
4 18.81 19.05 6.75 14.47 5.06 1.45 0.00 0.00 0.01 0.00 0.02 0.23 2,411
5 15.83 17.34 6.29 12.79 4.34 1.52 0.00 0.00 0.01 0.00 0.04 0.22 2,168
6 8.89 8.89 5.99 10.05 2.13 0.97 0.00 0.00 0.01 0.00 0.14 0.33 1,933
7 4.24 11.36 2.71 7.80 1.36 1.02 0.04 0.00 0.10 0.01 0.24 0.31 1,695

NR2 tests for conditional heteroskedasticity of error terms.
Bold indicates signficant at the 5% level.
Sample limited to post-crisis period.

Test Statistic Significance



Table 6B: Multivariate Analysis of Forecast Error

Qtrs Ahead
Variable Parameter t Parameter t Parameter t Parameter t Parameter t Parameter t Parameter t
Intercept -0.21832 -1.19 -0.29788 -1.42 -0.33762 -1.41 -0.36634 -1.70 -0.39718 -1.77 -0.26214 -1.23 -0.39030 -1.59

CRE Share 0.00125 0.77 0.00202 1.09 0.00173 0.82 0.00369 1.92 0.00407 2.03 0.00276 1.44 0.00452 2.05
C&I Share -0.00093 -0.50 -0.00097 -0.46 -0.00075 -0.31 0.00036 0.17 0.00078 0.35 0.00091 0.42 0.00201 0.80

Consumer non-
RE Share

-0.00269 -1.50 -0.00266 -1.30 -0.00306 -1.31 -0.00073 -0.35 -0.00027 -0.12 -0.00034 -0.16 0.00114 0.47

HH Index 0.00006 6.86 0.00006 6.64 0.00007 6.99 0.00004 4.69 0.00004 4.27 0.00003 3.07 0.00002 2.09
Log Assets 0.00783 1.80 0.01095 2.26 0.01161 2.15 0.01016 2.16 0.00998 2.03 0.00563 1.20 0.00689 1.26

Consumer RE 
Share

-0.00099 -0.57 -0.00091 -0.46 -0.00080 -0.36 0.00054 0.27 0.00102 0.49 0.00107 0.54 0.00217 0.95

# Obs 3,116 2,885 2,650 2,411 2,168 1,933 1,695
R-Squared 0.0265 0.0297 0.0310 0.0231 0.0227 0.0148 0.0131

OLS analysis of forecast error, post-crisis sample.  
Bold indicates individual coefficient is signficant at the 5% level.

71 2 3 4 5 6
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