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Abstract. Reporting daily risk estimates by banks to the monetary authorities is re-
affirmed in the Basel III Accord. The risk estimates can be computed from an 
approved internal Value-at-Risk (VaR) model, among others.  

It is well-noted that reporting either too high or too low risk estimates can lead to 
high capital costs. For profit-seeking banks, there is an unambiguous incentive to 
hold a minimum capital reserve in order to minimize capital costs. This is a typical 
financial trade-off problem.  

In this paper, we suggest a modification to a previously proposed decision rule to 
tackle the problem in a more realistic way. The empirical results show less capital 
costs for banks under the condition of restricting the number of violations.  

Key words: risk estimates, value-at-risk, capital reserves, capital charges, market 
risk, internal models, GARCH, RiskMetrics   

Introduction 

The capital adequacy principle forms the foundation of bank risk regulations. It is pre-emptive in 
the sense of preventing future bank failures. The Basel Committee on Banking Supervision 
(BCBS) issued the Basel Capital Accord in 1988, known as Basel I, which required banks to hold 
minimum capital in reserve for protection against credit risk (Basel Committee on Banking 
Supervision, 1988). The 1995 amendment to the Accord, called the internal models amendment, 
required banks to hold capital for market risk as well (Basel Committee on Banking Supervision, 
1995). The amendment distinguished a bank’s banking book from its trading book. The banking 
book is composed of loans that are not called for revaluation regularly. The required capital for 
the credit risk embedded in banking book has been set up as a fixed percentage of assets weighted 
according to their nature. The so-called Cooke ratio stipulates that the capital charge should be at 
least 8% of weighted assets. 

The trading book, on the other hand, is composed of portfolios of trading instruments that 
need to be revalued daily. To compute risk measures of their trading books, banks are allowed to 
use proprietary internal VaR models, pending approval from regulators, as alternatives to the 
standardized approach which was found to have certain drawbacks. In 1996, another amendment 
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further required that banks must go through back-testing procedures in conjunction with the 
internal models, for checking that the internal VaR models are in agreement with the historical 
deviations of values (Basel Committee on Banking Supervision, 1996).  

The New Basel Accord (Basel II), which was enforced in 2007, required banks to 
communicate their daily risk estimates to the regulators at the beginning of the trading day (Basel 
Committee on Banking Supervision, 2005). Reporting daily risk estimates to the monetary 
authorities is re-affirmed in the 2010 Basel III Accord (Basel Committee on Banking 
Supervision, 2011). The fundamental idea of Basel III is to enhance the banks’ capital basis, 
rather than improving the methods and processes of their internal risk management. The risk 
estimates are to be computed from the approved internal Value-at-Risk (VaR) model, selected by 
the bank from various available models. 

It is well-documented that reporting either too high or too low risk estimates can lead to high 
capital costs. Reporting risk estimates too high implies high capital costs since the risk estimates 
are used to calculate the capital that banks are required to hold in reserve for protection against 
possible losses of their trading portfolios. Capital reserves incur opportunity costs to banks, as the 
capital can be put to better uses. On the other hand, reporting risk estimates too low may result in 
violations with penalty of more capital reserves, also incurs capital costs. For profit-seeking 
banks, there is an unambiguous incentive to hold a minimum capital reserve in order to minimize 
the total costs associated with the market risk reporting. This is a typical financial trade-off problem.  

In this paper, we suggest a modification to a previously proposed decision rule to tackle the 
problem in a more realistic way. In the next section, a brief description of VaR is presented. The 
third section describes the capital requirements for banks. The fourth section is our proposal of a 
refined decision rule for banks to minimize capital charges. The fifth section gives the VaR 
forecasting models we use to test the decision rule and the sixth section presents the testing 
results. A final summary then follows. 

Value-at-risk (VaR)  

The VaR is a measure of the maximum expected loss over a period, given a statistical confidence 
limit. In other words, it is the upper bound potential loss not exceeded with pre determined low 
probability, called a confidence level (see, for example, Bessis (2010) for details):   
 

ttttt zFrEVaR σ−= − )|( 1                       (1) 

where, )|( 1−tt FrE  is the expected return on the bank’s trading portfolio at time t, 1−tF  is the 
information set at time t – 1, tz  is the critical value from the distribution of tr  at time t to obtain 
the appropriate confidence level, and tσ  is the standard deviation of the portfolio at time t. It 
measures potential adverse move of the trading portfolio value.  

 There are various categories of models used to estimate the conditional variances in Eq. (1). 
Under the category of the Variance-Covariance (VC) VaR Approach, there are Autoregressive 
Conditional Heteroskedasticity (ARCH) model, the Exponentially Weighted Moving Average 
(EWMA) model, the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) 
model, and the Glosten Jagannathan Runkle (GJR) model, among others. These models rely on 
parametric distributions, such as normal or student-t distribution, for information on volatility and 
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correlation in order to construct a variance-covariance matrix. The approach is popular because it 
is simple to implement.  

Other categories include the Historical VaR Approach and the Simulation VaR Approach. 
The Historical VaR Approach provides an empirical distribution which is non-parametric. Using 
the historical method, banks simply keep a historical record of profits and losses within the 
portfolio and calculate the fifth percentile for a 95 percent VaR, or the first percentile for a 99 
percent VaR. This approach is also a common practice because it is easy to understand and is 
viewed as fairly realistic. The disadvantage of the historical method is that it is complicated and 
time consuming, if the portfolio composition changes over time.  

The Simulation VaR Approach usually conducts Monte Carlo simulation. It requires a 
program to generate all risk factor processes, and all instrument revaluations for the simulation 
period. This method may be particularly suitable for a trading portfolio that contains complex 
derivative transactions.  

The required minimum capital  

The market risk forecasted from the internal model of a bank is calculated as VaR which in turn 
becomes the basis for determining the required capital charges. The charge is set at the higher of 
the previous day’s VaR or the average VaR over the last 60 days, multiplied by a factor (3+k). 
The variable k is determined according to the number of violations over the previous 250 
business days where a violation is defined as the actual loss exceeds the forecasted VaR on a 
business day. If a bank’s internal model generates violations less than 4 times, the bank is said to 
fall in the green zone. Its model is considered accurate and k is zero. If the number of violations 
is between 5 and 9 times, the bank is said to fall in the yellow zone, and k varies progressively 
with the number of violations, as the following table shows. 
 
 Table 1:  

Number of violation k 
5 0,4 
6 0,5 
7 0,65 
8 0,75 
9 0,85 

 
Finally, if the number of violations exceeds 10 times, the bank is said to fall in the red zone and 
its model is deemed unacceptable. In this case, the bank must adopt the standardized approach for 
assessing capital charges. The standardized approach relies on standard percentage of values for 
assessing potential losses. Capital charge is 8% of net balances for bonds, equities, foreign 
exchanges and commodities. This approach is conservative as diversification effects are not fully 
captured. As a result, it usually leads to more capital charges than the alternative internal risk 
models, or VaR models. 
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A decision rule to minimize capital charges 

McAleer, Jimenez-Martin and Perez-Amaral（2009) suggest a decision rule, called Dynamic 
Learning Strategy (DYLES), that responds to violations in an instantaneous way, to minimize 
capital charges. Applying the strategy to Standard & Poor’s 500 Index data, they show there can 
be substantial savings in daily capital charges, while restricting the number of violations to within 
the Basel II penalty limits. The DYLES is a flexible learning strategy in the spirit of Benjaarfar et 
al. (1995). It can be described as follows. A bank would report the market risk disclosure (MRD): 
 

tt VaR×= PMRDt  

where, by using the 250-day testing period, the dynamic learning function Pt is obtained by:  

∑
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where 
Pθ  is the penalty parameter for each violation, 1−tnov  the number of violations up to day t-

1 in the 250-day testing period, and 
Rθ  is the reward parameter for a 25-day period without any 

violation.  
t,25I  is an indicator function; it is one when no violation occurs between day t and day t-25, 

and zero otherwise. Note that the 250-day testing period has been divided into 10 fixed periods of 
25 days. If no violations occur during the period, the reward is defined as decreasing the penalty 
by Rθ . 

Both 
Pθ and 

Rθ are obtained from a calibration procedure, as described in McAleer, 
Jimenez-Martin and Perez-Amaral. However, it can be seen that the reward-penalty structure in 
the decision rule DYLES is not related to the market costs of capital. This may be a significant 
deficiency as the daily risk reporting rule is meant to capture the immediate market risk exposure 
of an individual asset or a portfolio.  

Allen, Chan, Milne and Thomas (2012) have suggested that the Basel III reforms to banking 
regulation might force banks into a massive balance sheet contraction. There is a real danger that 
reforms will limit the availability of credit. The problem is not higher capital and liquidity 
requirement since these have limited impact on the fundamental cost of banking. Rather, the 
challenges are from structural adjustment that threatens to deplete credit in the economy. 
Already, some banks have expressed the concern that they might have difficulty to raise the long-
term debt and equity funding implied by the reforms. This viewpoint highlights the need to take 
into account the current costs of capital for market risk management. 

In this research, we incorporate the current market cost of capital into the DYLES rule in 
order to better reflect the problem faced by banks. Namely, we propose a modified version of the 
DYLES rule, called MOD-DYLES strategy: 
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Where tOIR  denotes an overnight investment return on day t. 
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McAleer et al. (2009) use the closing daily S&P 500 Index data from January 3, 2000 to 
December 31, 2007 for the calibration of DYLES parameters. Because S&P 500 Index data are 
also used in this study, we apply the same parameters as calibrated by McAleer et al. for 
comparison purpose. Namely, we assume the penalty parameter for each violation

Pθ  is 0.12, and 
the reward parameter 

Rθ  is 0.3. 

Calculating cost of capital  

Two kinds of costs of capital are involved in the risk management procedure. The first is the 
penalty incurred by violation, which is calculated by: 
 

∑ =
××+×−

250

1
)3()|(|

t ttt NRkMRDr                    (4)
 

where, tr  is the portfolio rate of return on day t.  

tR  denotes a penalty interest rate. 
N is a nominal investment amount, such as $1,000,000.  

Eq. (4) means that when real loss amount N × rt is larger than the market risk disclosure 
(MRD) amount N × MRDt, the difference is charged by (3 + k) × Rt for penalty.  

The second is the opportunity cost.  It stems from funding the required capital. We 
assume banks give up overnight interbank interest incomes. Eq. (3) shows that, in addition to the 
penalty interest rate Rt, we incorporate the opportunity cost of capital requirement, OIRt, which 
can be considered as the interbank offer rate.  

Note that in the MOD-DYLES decision rule, the reward-penalty structure is designed on 
daily basis.   

Da Veiga, Chan and McAleer (2011), using the S&P 500 Index data from January 14, 1964 
to November 11, 2009 and several VaR thresholds forecasting methods, show that within the 
current constraints and the penalty structure of the Basel Accord, the lowest capital charges arise 
when using VaR models that under-report risk and lead to excessive violations. As a result, they 
conclude that current penalty structure is not severe enough to encourage banks to conduct 
adequate risk management. The proposed new MOD-DYLES decision rule may be an effective 
way to circumvent this awkward situation. 

The VaR methods used 

In this research, for the purpose of simple comparisons, we use two Variance-Covariance (VC) 
VaR computation methods to compare the decision rules. The first is the VC-constant method 
that uses the past 250 observations to produce a “constant” variance estimate : 
 

∑ −= −−=
t

ts ttst FrEr
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2
1

2 250/))|((σ               (5)
 

The VC-constant method assumes that variances exhibit autocorrelation. If the previous period 
was one of high volatility, the next period is likely to be a high volatility day. It is an easy way to 
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capture this phenomenon by letting the next period’s variance be the simple average of the most 
recent t observations, as shown in Eq. (5). 

However, in the real world, recent returns may contain more information for the next 
period’s variance estimates than distant returns. The VC-constant method puts equal weights on 
the past t observations, thus may not be able to capture the more relevant recent information. 
Hence, the second VC VaR computation method used is the VC-GARCH method, based on the 
GARCH model of Bollerslev (1986): 
 

2
2

2
110

2 )( µβσββσ −++= − ttt r                       (6)
 

where 121 <+ ββ , and )1/( 210 βββ −−  is the long-run average unconditional variance, meaning 
in the long run, the variances will revert to an average value.  

In particular, our VC-GARCH method uses the same parameter settings as in the JP 
Morgan’s RiskMetrics (1996) model that can be viewed as a special case of the GARCH model, 
if we assume 94.01 =β , 06.02 =β , and further 00 =β . RiskMetrics asserts that parameter 
estimates are similar across assets, so it simply sets these values for all assets in daily variances 
forecasting. By so doing, no estimation is necessary. This is considered an advantage when 
dealing with large portfolios.    

The empirical study 

We proceed with the following steps: 

STEP 1: First, we consider a portfolio investing in S&P 500  index. The returns at time t are 

defined as 11 /)( −−−= tttt SNPSNPSNPr , where tSNP  is the S&P 500 index at time t. we 
compare the actual portfolio return r of the day with the VaR on the previous day. If r is larger 
than the VaR on day s, a violation does not occur, and sI ,25 is set as one. Otherwise, sI ,25 is zero. 
STEP 2: Next, we define 1−tnov  as the sum of sI ,25 over the previous 200 days.  

STEP 3: Calculate the value of tP  using Eq. (3), and )( ttt VaRPMRD ×= , where VaRt are obtained 
in STEP 1. 
STEP 4: Calculate the capital requirement: )3( kMRDCRq tt +×= , where MRDt are obtained from 
STEP 3.  
STEP 5: If on a particular day, the tMRD  cannot cover the actual losses of the portfolio, then the 
losses should be paid immediately. We assume the payments will be borrowed with a higher 
penalty rate tR .  

STEP 6: In addition to the violation penalty parameter
Pθ defined in Eq. (2), we take into 

consideration two kinds of capital costs in the decision rule: the penalty costs and the opportunity 
costs. This step calculates the penalty cost in Eq. (4) and the opportunity cost∑ =

×
250

1t tt OIRCRq , 
where CRqt is calculated from STEP 4. After summing up the penalty and the opportunity costs 
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for each VaR strategy, we can then compare the performances of the three strategies used in our 
research. 

We use the daily S&P 500 Index data to compute the portfolio rate of return. The data used 
are from July 1, 1995 to June 30, 2013. The monthly interbank offer rates are used to calculate 
the value of tP  and the cost of capital. Figure 1 shows that the S&P 500 index returns series 
exhibits clustering, that can be captured by an appropriate GARCH time series model. Figure 2 
shows the descriptive statistics for the S&P 500 Index returns. As expected, the mean is close to 
zero, and the range is between -9.035% and 11.58%. The Jarque-Bera Largrange multiplier test 
for normality rejects the normally distributed returns. This is confirmed by the skewness measure 
and the excess kurtosis of 8.15308. Excess kurtosis can arise from serial dependence of 
consecutive returns, or jumps in the stock prices which make extreme observations more 
frequent.  

 
Figure 1: S&P 500 Index returns from July 1, 1995 to June 30, 2013 
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Figure 2: The descriptive statistics of S&P 500 Index returns over the period from July 1, 1995 to June 30, 2013 
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Table 2 shows the comparison of three decision rules, the Traditional Passive Rule, DYLES, and 
the MOD-DYLES, using the VC-constant method to compute VaR for the last two. Table 3 
shows the improvements of MOD-DYLES over Passive and DYLES respectively. It can be seen 
from Table 3 that the new MOD-DYLES produced 54 less violations than the traditional passive 
strategy and reduced the costs of capital by 136bp on average per year. Comparing with the 
DYLES, the MOD-DYLES saved 10bp per year on average although the numbers of violation 
are the same. This is not surprising since they have the same basic model design in that matter. 
That is, both models restrict the number of violations to within the Basel II penalty limits. 

 

Table 2: Comparison of three decision rules using the VC-constant VaR method  
 The Traditional Passive Rule DYLES MOD-DYLES 

Year Violations  Ave. Costs Violations Ave. Costs Violations Ave. Costs 

1997 8 4.85% 4 2.54% 4 2.73% 

1998 5 3.40% 3 2.64% 3 2.87% 

1999 1 0.36% 0 0.37% 0 0.61% 

2000 5 2.53% 4 1.38% 4 1.78% 

2001 3 1.43% 3 0.70% 3 0.81% 

2002 5 1.17% 1 0.46% 1 0.29% 

2003 0 0.35% 0 0.41% 0 0.15% 

2004 1 0.17% 0 0.20% 0 0.09% 

2005 3 0.25% 0 0.17% 0 0.07% 

2006 4 0.69% 1 0.20% 1 0.31% 

2007 17 5.39% 6 1.92% 6 2.06% 

2008 20 14.18% 6 5.41% 6 5.26% 

2009 0 0.71% 0 1.04% 0 0.05% 

2010 7 1.98% 3 1.27% 3 0.93% 

2011 10 6.30% 5 4.28% 5 3.95% 

2012 1 0.43% 0 0.46% 0 0.02% 

2013 2 1.12% 2 0.45% 2 0.27% 

Average* - 2.66% - 1.41% - 1.31% 

Total 92 - 38 - 38 - 
*The geometric mean is used to calculate average yearly cost rates.  

 

Table 3: The Improvements of MOD-DYLES over passive Strategy and DYLES using the VC-constant VaR method  
 Improvements Over Passive Strategy Improvements Over DYLES 

Year Reductions of 
Violation Costs of Capital Saved (bp) Reductions of Violation Costs of Capital Saved 

(bp) 
1997 4 212 0 -19 

1998 2 52 0 -24 
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1999 1 -26 0 -24 

2000 1 75 0 -40 

2001 0 62 0 -11 

2002 4 88 0 17 

2003 0 20 0 26 

2004 1 8 0 11 

2005 3 18 0 10 

2006 3 38 0 -11 

2007 11 333 0 -14 

2008 14 892 0 15 

2009 0 66 0 98 

2010 4 105 0 33 

2011 5 235 0 33 

2012 1 40 0 44 

2013 0 85 0 18 

Average - 136 - 10 

Total 54 - 0 - 
 

Table 4 shows the comparison of three decision rules, the Traditional Passive Rule, DYLES, and 
the MOD-DYLES, using the VC-GARCH method to compute VaR for the last two. Table 5 
shows the improvements of MOD-DYLES over Passive and DYLES respectively. It can be seen 
from Table 5 that the new MOD-DYLES produced 59 less violations than the traditional passive 
strategy and reduced the costs of capital by 109bp on average per year. Comparing with the 
DYLES, the MOD-DYLES saved 6bp per year on average although the numbers of violation are 
the same. As stated above, this is because they have the same basic model design in that matter. 

 

Table 4: Comparison of three decision rules using the VC-GARCH VaR method 
 The Traditional Passive Rule DYLES MOD-DYLES  

Year Violations Ave. Costs Violations Ave. Costs Violations Ave. Costs 

1997 8 4.54% 4 2.14% 4 2.37% 

1998 8 3.93% 4 1.87% 4 2.12% 

1999 3 0.55% 0 0.34% 0 0.55% 

2000 6 2.77% 3 1.61% 3 1.99% 

2001 3 1.89% 2 1.40% 2 1.50% 

2002 2 0.85% 1 0.58% 1 0.39% 

2003 1 0.30% 0 0.29% 0 0.11% 

2004 5 0.46% 1 0.20% 1 0.10% 
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2005 3 0.38% 0 0.17% 0 0.07% 

2006 6 0.85% 2 0.45% 2 0.55% 

2007 12 3.27% 3 1.22% 3 1.37% 

2008 9 3.87% 3 1.81% 3 1.62% 

2009 2 0.76% 2 0.72% 2 0.09% 

2010 9 2.32% 2 0.53% 2 0.23% 

2011 8 4.29% 5 2.01% 5 1.67% 

2012 5 1.06% 2 0.43% 2 0.17% 

2013 4 1.79% 1 0.57% 1 0.40% 

Average* - 1.99% - 0.96% - 0.90% 

Total 94  35  35  
*The geometric mean is used to calculate average yearly cost rates.  

 

Table 5: The Improvements of MOD-DYLES over passive Strategy and DYLES using the VC-GARCH VaR method 
 Improvements Over Passive Strategy Improvements Over DYLES 

year Reductions of 
Violation Costs of Capital Saved (bp) Reductions of 

Violation Costs of Capital Saved (bp) 

1997 4 217 0 -23 

1998 4 181 0 -25 

1999 3 0 0 -21 

2000 3 77 0 -38 

2001 1 39 0 -10 

2002 1 46 0 19 

2003 1 19 0 19 

2004 4 35 0 9 

2005 3 31 0 10 

2006 4 30 0 -10 

2007 9 190 0 -14 

2008 6 225 0 20 

2009 0 67 0 63 

2010 7 209 0 30 

2011 3 262 0 34 

2012 3 89 0 26 

2013 3 140 0 18 

Average - 109 - 6 

Total 59  0  
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In comparison with the traditional passive rule and the VC-constant VaR model, the VC-GARCH 
VaR model yields lower costs of capital in our empirical results. For example, average costs in 
Table 4 using the VC-GARCH VaR model are 1.99%, 0.96%, and 0.90%, , respectively, which 
are less than those costs of 2.66%, 1.41%, and 1.31% in Table 2. It is conjectured that the VC-
GARCH VaR model puts more weights on recent returns volatility, thus can provide a timely and 
informative measure of risk.   

Conclusion 

In order to comply with the daily risk estimates reporting rules required by the Basel Accord, 
banks choose a VaR model and adopt a strategy to minimize capital costs which result from 
excessive capital reserves. In this paper we propose a modification to a strategy that attempts to 
minimize the daily capital charges, while restricting the number of violations to below the penalty 
limit. Although methodologically sound, the original strategy ignores the impact of market-driven 
cost of capital, thus reduces its immediate relevance. We modify the model by incorporating the 
current cost of capital into the decision process. The new strategy is shown to be superior in 
terms of cost savings. Furthermore, It can be easily extended to other VaR computation methods 
to facilitate financial institutions to choose the optimal VaR reporting strategy. 
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