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DISCLAIMER 
The views and opinions expressed in the following articles are those of the authors and do not 
necessarily reflect the views or positions of their employers.  
Examples described in the following articles are illustrative only and do not reflect the situation 
of any precise financial institution. 
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Stress Test Diffusion Model Considering the Credit Score Performance 

 
 
 
 
Abstract 

After the crisis of 2008, and the important losses and shortfall in capital that 
it revealed, regulators conducted massive stress testing exercises in order to 
test the resilience of financial institutions in times of stress conditions. In this 
context, and considering the impact of these exercises on the banks’ capital, 
organization and image, this white paper proposes a methodology that diffuses 
dynamically the stress on the credit rating scale while considering the 
performance of the credit score. Consequently, the aim is to more accurately 
reflect the impact of the stress on the portfolio by taking into account the purity 
of the score and its ability to precisely rank the individuals of the portfolio. 
 
 
 
 
 
 
 
 
 
 
Keywords: Basel III, Dodd Frank, Stress testing, CCAR, Gini, Rating scale 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A special Thanks to Stephane Karm for his help in giving insights for the purpose of this White 
Paper. 
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Introduction 

After the 2008 crisis, regulators identified many shortcomings in both regulatory requirements as well 
as internal risk management practices. As a consequence, regulators conducted massive stress testing 
exercises in Europe (with the Asset Quality Review and the stress testing exercises for which the results 
were published late October 2014) and in North America (with the CCAR exercise). The purposes of 
these exercises is to make sure that in times of stress (similar to those of 2008), banks hold sufficient 
capital and are well provisioned in order to absorb losses that could occur. 
Moreover, if these exercises have a significant impact on banks’ capital and therefore on the Return on 
Equity, there is much certitude that they will be performed on a regular basis. Knowing this, financial 
institutions will have to enhance current methodologies to more accurately measure the risks embedded 
in their portfolios, to show regulators their willingness to pursue constant and regular efforts in 
enhancing their stress testing exercises, and optimize the impact on capital. 
The purpose of this paper is to provide a methodology that diffuses the stress applied on a credit portfolio 
(Retail or SME counterparties mainly) while taking into account the level of risk embedded in each 
internal rating category as well as the performance of the score that allowed to build the rating scale. In 
fact, the riskier the rating class is (generally the rating scale contains 10 classes, class #1 being the less 
risky and class #10 being the riskier class), the higher the level of potentially applied stress. The level 
of stress applied to each class obviously depends on the performance of the score, as well as its ability 
to isolate risky individuals and discriminate them. 
First, the importance of stress testing and the impacts these exercises have on the reputation of a financial 
institution will be analyzed. In addition, considering the importance of credit risk in a vast majority of 
financial institutions, the white paper will be placed from this perspective.  
Second, the approach and the methodology will be discussed in detail. More specifically, from stressing 
the average default rate of the portfolio, to diffusing the stress by rating scale (on the default rate of each 
class) and then to analyzing the relationship between the stress applied and the performance of the score, 
the step-by-step approach will be detailed. 
Third, a study will be conducted on a real SME portfolio comprised of investment loans. A score has 
been built on this portfolio and therefore a rating scale with good performances (based on the Gini index 
and other relevant performance and discrimination power measures). The diffusion model will be 
applied on this portfolio and the relationship between the level of stress by rating class and the Gini 
index will be established. Finally, the ability of the model to diffuse the stress dynamically will be 
considered as well as the way to cover the model errors and therefore cover model risks. 
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1. Stress testing, an essential program for regulators and financial 
institutions 

In times where banks and regulators are heavily investing in stress testing, the purpose here is to provide 
some elements around the importance of stress testing and show why existing regulations (Basel II, 
Basel 2.5, etc.) showed certain limits in times of stress conditions.  

 What is new in a stress testing exercise? 

Over the past few years, stress testing is rapidly moving to become one of the most powerful tools for 
assessing the resilience of the banking industry. Regulators around the world conducted these exercises 
and relied on the results to determine the shortfalls in capital buffers. More than just a regulatory 
requirement, these exercises took a whole new dimension. In fact, banks considered stress testing very 
seriously (by investing a lot on both internal resources as well as external resources) because of the 
impact that the results could have on their image and reputation. 
More precisely, stress testing revealed the important gaps to be filled by banks in order to succeed this 
exercise. If having adequate resources as well as getting a strong involvement from the Board is key, 
other aspects are as equally important. As part of the top priorities, Data quality and modeling will 
require extensive efforts to meet the standards required by the regulators as well as to create a sound 
base for accurate measurements and projections. In fact, data quality is a prerequisite for building any 
stress test model. In fact, even though the model built is as perfectly as possible, if the data inputs are 
not accurate, the outputs will be inaccurate. As part of the recent concerns issued by regulators towards 
banks’ data quality, the EBA launched in Q2-2014 the Asset Quality Review exercise. Similarly, the 
FED required from banks to put in place an organization dedicated to Data governance and quality. 
Finally, the BCBS 239 rule is dedicated to insuring data quality across 11 principles. The same concerns 
are raised around the quality of the underlying models used for stress tests (as well as other purposes). 
Consequently, within the CCAR exercise, banks are required to provide a clear explanation of the 
methodologies used, the assumptions chosen and the results provided. Independent validation teams 
must be constituted to validate these models and test their reliability with high standards. Similarly, in 
Europe, it is very certain that a Model Quality Review (similar to the AQR exercise but for models) will 
be conducted. 
In addition, the stress testing exercise is complementary to current regulations. In fact, Basel regulations 
are backwards-looking. It reckons that the assets that were risky in the past are the same as the assets 
that will be risky in the future. Moreover, these regulations failed to identify tail events. Consequently, 
the Basel committee recognized these shortcomings and tried to bring answers (for instance, the 
Fundamental Review of the Trading Book recognized that the VaR models were unable to capture 
extreme events and suggested to replace it by the expected shortfall). Stress testing provides “forward-
looking assessments of risk” as described in the Principles For Sound Stress Testing Practices and 
Supervision (BCBS 147). In fact, the forward-looking scenarios used (whether central, adverse or 
extremely adverse scenarios) allow for measuring the impacts of future economic turmoil on the banks’ 
financial stability. Moreover, the adverse and extremely adverse scenarios could contribute in measuring 
extreme events. 

 Credit risk remains a top issue in today’s banking industry 

The credit risk component remains an important subject for banks and its impact on capital is still a 
major topic. Even though banks have been conducting some de-risking and deleveraging actions in 
Europe, these actions mainly concerned wholesale assets, and more particularly in the FICC activity 
(Fixed Income, Currencies, Commodities) and not really in the banking book area. Moreover, “The 
quality of banks’ loan portfolios continued to decline in 2013 and in the first months of 2014 and remains 
a concern, harmfully contributing to the continuation of elevated risk premiums levels on European 
banks,” as described in the Risk Assessment Of The European Banking System of June 2014. This 
means that, on the one hand, the banking book is not subject to significant deleveraging actions, and on 
the other hand, it is getting riskier in times of zero growth. Besides, “Provisioning has not 
increased in conformity with rising credit risks.” 
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All these factors tend to show how important the credit risk component is and its impact in terms of 
capital requirements. Moreover, the last stress testing results led by the ECB (and published on the 26th 
of October 2014) revealed the impacts of credit risks on the solvency ratio, and were categorized as “the 
most important driver by far” in Europe.  

Figure 1 Contribution of various drivers to the change in Common Equity Tier 1 
Capital ratio from 2013 to 2016 in the adverse scenario 

Source: EBA 

 

In the US, the results of the CCAR exercise for CitiBank (published in March 2013) reveal the same 
kind of tendency:  

Figure 2 Contribution of various drivers to the change in Common Equity Tier 1 
Capital in the severely adverse scenario 

Source: Citibank 
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 Context and purpose of the white paper 

In times where regulators rely more and more on stress testing to assess capital needs and shortfall, 
where credit risk remains a top issue for financial institutions (in both Europe and North America), the 
purpose of the white paper is to provide a new approach on how to diffuse the stress test impacts on the 
rating scale of a credit portfolio in order to more accurately reflect the real behavior of the portfolio in 
times of stress. 

1.3.1. Context 

Generally, when performing a stress testing exercise on a credit portfolio (Mainly Retail or SMEs), the 
average default rate of the portfolio is projected over the time horizon, based upon the macro-economic 
drivers that most impact the default rate (these drivers depend on the loan types, counterparty types, 
geographical zone, etc.). For banks that fall under the IRBA approach, the average stressed default rate 
must be diffused on the rating scale. In other words, the way the average stressed default rate impacts 
the individual default rate of each rating class must be considered. 
Moreover, the performance of the score could have an impact on the distortion of the curve (default rate 
by rating class) post-stress. In fact, it is possible to assume that the higher the performance of the score, 
the more often the impact of the stress is observed on the “bad” rating classes. This assumption relies 
indeed on two main facts.  
The first one is related to the behaviour of individuals in times of stress. In other words, when a crisis 
occurs, all potentially risky individuals will be downgraded and will migrate to the “bad” rating classes. 
Plus, the risk level embedded in the bad rating classes will increase because of the macro-economic 
conditions that weaken the financial health of the counterparties knowing that they are already 
considered as fragile individuals. This means that the distance to default of these “fragile” individuals 
is shortened.  
The second fact is related to the ability of the score to correctly order the individuals of the portfolio. 
Knowing the performance and the discriminatory power of the score, the behaviour of the individuals 
will be captured accordingly. In other words, the more precise the score, (and therefore its performances 
are good), the more exactly it will capture the behaviour of the counterparties and therefore, order them 
in an explicitly correct manner. 

1.3.2.  Current market practices 

Even though some big players put advanced methodologies in place to diffuse the stress by rating class, 
a major portion of financial institutions used simple methods due to lack of time or lack of resources. 
These methods are considered proxies since they do not capture the real behaviour of the portfolio in 
times of stress, but instead were used because of their simplicity and because they are not time 
consuming. 
One of the current market practices applies the stress uniformly on the entire curve (default rate by rating 
class) or in other words to uniformly increase the individual default rate of each rating class: 
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Figure 3 Compared evolution of default rates (respectively pre-stress and post-stress) 
per rating class  

 

If the advantages of this approach are obvious (simplicity, timeliness, etc.), it does present some 
loopholes: 

– First, it overestimates the risk on the “good” classes and underestimates the risk on the “bad” 
classes; 

– Second, it does not capture the real behaviour of the portfolio and could be considered as a static 
approach for stress diffusion; 

– Third, in many cases it is not optimized and therefore overestimates capital needs.  

1.3.3. Purpose and objective of the study 

The purpose of the study is to propose an approach that allows diffusing the stressed average default 
rate on the rating scale considering the behaviour of the portfolio in times of stress while studying the 
relationship between the performances of the score (measured essentially by the Gini index and the ROC 
curve) and the way the curve (default rate by rating class) is impacted post-stress. 
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2. The approach for a dynamic stress diffusion model 

 The overall approach 

The approach proposed in this white paper is constituted of 6 steps: 

Figure 4 Description of the 6-step approach of the white paper 

 

These steps will be further detailed below. 
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performed. This nonparametric test allows for comparing the probability distribution of a sample with a 
reference probability distribution. In other words, the default rate curve (by rating class) will be 
compared to a Beta distribution in order to make sure that it is possible to use this distribution while 
modeling the default rate curve. 
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 Step #2 – Find the (α,β) parameters for the initial curve 

The Beta distribution is characterized by two shape parameters (α;β). These parameters allow 
defining the shape of the distribution and therefore fitting it with the observed default rate curve (by 
rating class). In other words, finding the right couple (α;β) will allow for modeling the observed default 
rate curve. 
Assume that random variable F follows a Beta distribution:  

𝐹𝐹 ~ 𝐵𝐵(𝛼𝛼; 𝛽𝛽) 

With (α;β) the two shape parameters of a Beta distribution. 
The distribution function of F is: 

𝐵𝐵(𝑥𝑥, 𝛼𝛼, 𝛽𝛽)  =  ∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡
𝑥𝑥

0
 

𝐵𝐵(𝛼𝛼, 𝛽𝛽)  =  ∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡
1

0
 

𝐹𝐹(𝑥𝑥) = 𝐵𝐵(𝑥𝑥, 𝛼𝛼, 𝛽𝛽)
𝐵𝐵(𝛼𝛼, 𝛽𝛽) =  

∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡𝑥𝑥
0

∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡1
0

 

Moreover the default rate for the class i is denoted DRi. 
To find the couple (α;β), a commonly used method is the Maximum Likelihood Estimation (MLE) and 
the Generalized method of moments estimation. This technique is possible when the sample is 
constituted of n independent points, identically distributed. The system of equations to be solved is: 

𝐷𝐷𝐷𝐷𝑖𝑖 − 𝐹𝐹 (
𝑖𝑖
10 ) =  𝜖𝜖𝑖𝑖      ∀ 𝑖𝑖 ∈ ⟦1; 10⟧ 

With 𝜖𝜖𝑖𝑖 ∼ 𝑁𝑁(0, 𝜀𝜀), is the error term. 

𝐷𝐷𝐷𝐷𝑖𝑖 −
∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡
𝑖𝑖
10
0

∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡1
0

=  𝜖𝜖𝑖𝑖      ∀ 𝑖𝑖 ∈ ⟦1; 10⟧ 

To solve this optimization problem and therefore find the adequate (α;β), a Generalized Reduced 
Gradient Algorithm has been utilized, based on the least squares method: 

(𝛼𝛼, 𝛽𝛽) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑖𝑖𝑚𝑚𝛼𝛼,𝛽𝛽  
{
 

 
∑(𝐷𝐷𝐷𝐷𝑖𝑖 −

∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡
𝑖𝑖
10
0

∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡1
0

)

2
10

𝑖𝑖=1 }
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 Step #3 – Model the stress impact 

In a credit stress testing exercise, the average default rate of the portfolio is projected under an adverse 
scenario. The stressed average default rate at time t+1 is: 

𝐷𝐷𝐷𝐷(𝑡𝑡 + 1) = 𝐷𝐷𝐷𝐷(𝑡𝑡) + 𝑠𝑠 

Where s is the stress applied to the average default rate. 
This stress must be diffused on the rating scale. In other words, considering the distribution of default 
rates by rating class before stress, how the stress will impact this distribution is the primary focus of the 
paragraph. 
The approach used here is to model the impact of the stress as an area under the curve. In fact, generally, 
the stress will contribute in increasing the individual default rates of the different rating classes (DRi), 
shifting the default rate distribution upwards. Consequently, the area under the shifted curve is expected 
to increase in comparison with the non-stressed distribution. The increase in the area could be linked 
with the level of stress applied (the “s” parameter): 

Figure 5 Illustration of the impact of stress parameter on default rates  

 

To calculate the area under the curve, the trapezoidal rule is used. This method is an approximation of 
the definite integral, or in other words, the exact area under the curve. Assume A1 is the area under the 
pre-stress curve and A2 the area under the post-stress curve. Assume as well that the rating scale is 
constituted by n classes, class n having a 100% default rate and class 0 having a 0% default rate (in the 
graph above, n equals 11).  
 

𝐴𝐴1 =  ∑ 𝐷𝐷𝐷𝐷𝑖𝑖+1(𝑡𝑡) + 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡)
2 (𝑖𝑖 + 1 − 𝑖𝑖)

𝑛𝑛

𝑖𝑖=0

=  ∑ 𝐷𝐷𝐷𝐷𝑖𝑖+1(𝑡𝑡) + 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡)
2 =  

𝑛𝑛

𝑖𝑖=0
∑ 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡) + 𝐷𝐷𝐷𝐷0(𝑡𝑡) + 𝐷𝐷𝐷𝐷𝑛𝑛(𝑡𝑡)

2   
𝑛𝑛−1

𝑖𝑖=1
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𝐴𝐴2 =  ∑ 𝐷𝐷𝐷𝐷𝑖𝑖+1(𝑡𝑡 + 1) + 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡 + 1)
2 (𝑖𝑖 + 1 − 𝑖𝑖)

𝑛𝑛

𝑖𝑖=1

=  ∑ 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡 + 1) + 𝐷𝐷𝐷𝐷0(𝑡𝑡 + 1) + 𝐷𝐷𝐷𝐷𝑛𝑛(𝑡𝑡 + 1)
2   

𝑛𝑛−1

𝑖𝑖=1
  

𝐴𝐴2 − 𝐴𝐴1 =  ∑(𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡 + 1) − 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡)) 
𝑛𝑛−1

𝑖𝑖=1
 

Because 𝐷𝐷𝐷𝐷0(𝑡𝑡 + 1) =  𝐷𝐷𝐷𝐷0(𝑡𝑡) = 0% and 𝐷𝐷𝐷𝐷𝑛𝑛(𝑡𝑡 + 1) =  𝐷𝐷𝐷𝐷n(𝑡𝑡) = 100% 
By dividing A2-A1 by (n-1): 

𝐴𝐴2 − 𝐴𝐴1
𝑛𝑛 − 1 =  

∑ 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡 + 1) 𝑛𝑛−1
𝑖𝑖=1

𝑛𝑛 − 1 − 
∑ 𝐷𝐷𝐷𝐷𝑖𝑖(𝑡𝑡) 𝑛𝑛−1

𝑖𝑖=1
𝑛𝑛 − 1 = 𝐷𝐷𝐷𝐷(𝑡𝑡 + 1) − 𝐷𝐷𝐷𝐷(𝑡𝑡) = 𝑠𝑠 

Finally, the increase in area between the pre-stress and post-stress curve depends on both the level of 
stress applied and the number of classes: 

𝐴𝐴2 − 𝐴𝐴1 = 𝑠𝑠. (𝑛𝑛 − 1) 

 Step #4 – Establish a relationship between the curve pre-stress and post-
stress 

The purpose of this paragraph is to establish a relationship between the curve pre-stress and the curve 
post-stress. To do so, the Beta distribution used to model the pre-stress curve will be used and the curve 
post-stress is assumed to follow a Beta distribution as well. In other words, the link between the two 
curves corresponds to establishing a link between the shape parameters of the curve pre-stress (denoted 
α1 and β1) and the shape parameters post-stress (denoted α2 and β2). 
One of the advantages of the Beta function is its remarkable properties. The Beta function is linked with 
the Gamma function as follows: 

𝐵𝐵(𝛼𝛼, 𝛽𝛽) =  𝛤𝛤(𝛼𝛼). 𝛤𝛤(𝛽𝛽)
𝛤𝛤(𝛼𝛼 + 𝛽𝛽)  

The gamma function can be written as follows:  

𝛤𝛤(𝑧𝑧) = (𝑧𝑧 − 1)! = (𝑧𝑧 − 2)! (𝑧𝑧 − 1) =  𝛤𝛤(𝑧𝑧 − 1). (𝑧𝑧 − 1) 

This means that: 

𝐵𝐵(𝛼𝛼, 𝛽𝛽 + 1) =  𝛤𝛤(𝛼𝛼). [𝛤𝛤(𝛽𝛽). 𝛽𝛽]
𝛤𝛤(𝛼𝛼 + 𝛽𝛽). (𝛼𝛼 + 𝛽𝛽) 

Finally,  

𝐵𝐵(𝛼𝛼, 𝛽𝛽 + 1) =  𝐵𝐵(𝛼𝛼, 𝛽𝛽) 𝛽𝛽
𝛼𝛼 + 𝛽𝛽 
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As mentioned above, the distribution functions of the two curves are: 

𝐹𝐹1~ 𝐵𝐵(𝛼𝛼1, 𝛽𝛽1)  

𝐹𝐹2~ 𝐵𝐵(𝛼𝛼2, 𝛽𝛽2) 

The relationship between the two curves can be explicated as follows, in relationship with the stress 
parameter s: 

∫ 𝐹𝐹2(𝑥𝑥) − 𝐹𝐹2(𝑥𝑥)𝑑𝑑𝑥𝑥 = 𝑠𝑠
1

0
 

Plus, 

𝐵𝐵(𝛼𝛼, 𝛽𝛽) ∫ 𝐹𝐹(𝑥𝑥)𝑑𝑑𝑥𝑥 =  ∫ ∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1𝑑𝑑𝑡𝑡. 𝑑𝑑𝑥𝑥
𝑥𝑥

0

 
1

0

  
1

0
 

= ∫ ∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1. 𝟙𝟙𝑡𝑡≤𝑥𝑥. 𝑑𝑑𝑡𝑡. 𝑑𝑑𝑥𝑥
1

0

 
1

0

  

By applying Fubini’s theorem, the equation is: 

𝐵𝐵(𝛼𝛼, 𝛽𝛽) ∫ 𝐹𝐹(𝑥𝑥)𝑑𝑑𝑥𝑥 =   ∫ ∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1. 𝑑𝑑𝑥𝑥. 𝑑𝑑𝑡𝑡
1

𝑡𝑡

 
1

0

 
1

0
 

= ∫ (∫ 𝑑𝑑𝑥𝑥
1

𝑡𝑡

) 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1. 𝑑𝑑𝑡𝑡 =  ∫(1 − 𝑡𝑡)𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽−1. 𝑑𝑑𝑡𝑡 
1

0

=  ∫ 𝑡𝑡𝛼𝛼−1(1 − 𝑡𝑡)𝛽𝛽. 𝑑𝑑𝑡𝑡 
1

0

  
1

0

 

This means that, 

𝐵𝐵(𝛼𝛼, 𝛽𝛽) ∫ 𝐹𝐹(𝑥𝑥)𝑑𝑑𝑥𝑥 =   𝐵𝐵(𝛼𝛼, 𝛽𝛽 + 1) 
1

0
 

Using the remarkable propriety of the B function, the equation is: 

∫ 𝐹𝐹(𝑥𝑥) 𝑑𝑑𝑥𝑥 = 𝛽𝛽
𝛼𝛼 + 𝛽𝛽

1

0
 

Therefore, we can write: 

∫ 𝐹𝐹2(𝑥𝑥) − 𝐹𝐹2(𝑥𝑥)𝑑𝑑𝑥𝑥 = 𝛽𝛽2
𝛼𝛼2 + 𝛽𝛽2

− 𝛽𝛽1
𝛼𝛼1 + 𝛽𝛽1

= 𝑠𝑠
1

0
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Finally, the relationship between the shape parameters pre and post stress is: 

𝛽𝛽2 =
𝛼𝛼2 ( 𝑠𝑠 + 𝛽𝛽1

𝛼𝛼1 +  𝛽𝛽1
)

1 − 𝑠𝑠 −  𝛽𝛽1
𝛼𝛼1 +  𝛽𝛽1

  

This equation shows that there is one degree of freedom between the post-stress parameters. In other 
words, if α2 is correctly estimated, the couple (α2, β2) will be estimated and therefore the post-stress 
curve. 

 Step #5 – Find the (α,β) parameters for the post-stress curve 

In step 4, a relationship has been established between the pre-stress and post-stress curves. In this step, 
the purpose is to define the system of equations and the problem to be solved in order to determine the 
shape parameters for the post-stress curve. 
Considering the different steps above, the optimization problem to be solved can be written as follows: 

𝛼𝛼2 = 𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚
𝛼𝛼2

 | ∫ 𝐹𝐹2(𝑥𝑥) − 𝐹𝐹1(𝑥𝑥)𝑑𝑑𝑥𝑥 − 𝑠𝑠 | 
1

0
    

With 

𝛽𝛽2 =
𝛼𝛼2 ( 𝑠𝑠 + 𝛽𝛽1

𝛼𝛼1 +  𝛽𝛽1
)

1 − 𝑠𝑠 −  𝛽𝛽1
𝛼𝛼1 +  𝛽𝛽1

 

By using the trapezoidal rule results the equation becomes: 

 ∑ 𝐹𝐹2(𝑚𝑚) − 𝐹𝐹1(𝑚𝑚) − (𝑚𝑚 − 1) × 𝑠𝑠
𝑛𝑛−1

𝑖𝑖=1
 ~ 0  

With the following constraints: 
∀ 𝑘𝑘 ∈  ⟦1; 𝑚𝑚 − 1⟧ ∶  𝐹𝐹1(𝑘𝑘) ≤  𝐹𝐹2(𝑘𝑘) 
∀ 𝑘𝑘, 𝑘𝑘′ ∈  ⟦1; 𝑚𝑚 − 1⟧ | 𝑘𝑘 ≤ 𝑘𝑘′: 𝐹𝐹2(𝑘𝑘) −  𝐹𝐹1(𝑘𝑘) ≤ 𝐹𝐹2(𝑘𝑘′) −  𝐹𝐹1(𝑘𝑘′)  
The first constraint refers to the fact that default rates post-stress must be higher than those pre-stress. 
The second constraint materializes the fact that the impact of the stress increases with the rating class. 
To solve this optimization problem and therefore find the adequate α2, a Generalized Reduced Gradient 
Algorithm has been utilized, based on the least squares method. This algorithm works on multiple 
iterations and finds the most optimized solution. 

 Step #6 – Analyze the relationship with the Gini index 

As part of the study, and as mentioned earlier, one can assume that based on the portfolio behaviour in 
times of stress, the performance of the score has an impact on how the stress is diffused on the rating 
scale. Consequently, it is possible to assume that the higher the Gini score, the higher the impact of the 
stress on the “bad” classes, showing the ability of the score to accurately rank risky individuals and their 
behaviour in times of tumultuous conditions. 
The purpose of this step is to confirm that the assumption is correct and make sure that the diffusion 
model proposed for this study allows for the consideration of the Gini index. 
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3. Building a diffusion model on a real SME portfolio 

 Framework of the study 

3.1.1. Purpose of the analysis 

The analysis presented in this section regards building an efficient stress diffusion model based on the 
methodology enclosed in this article. A real portfolio of SME counterparties will be considered on which 
a score has been built with a rating scale that ranks counterparties in 10 classes (class 1 being the less 
risky). 
The model will be calibrated for this portfolio and the way the stress is diffused will be challenged.  

3.1.2. What are the dimensions involved in the study? 

There are three dimensions that are taken into account for the study: 
The first dimension concerns the optimization problem to be solved. In fact, during the study, the ability 
to find accurate, stable and precise solutions for the problem will be considered. If there is no solution, 
or there are inaccurate solutions, then the reliability of the model and its applicability in real conditions 
will be questioned. 
The second dimension concerns the results obtained and their reliability from a risk management point 
of view. In fact, the model risk will be considered for two reasons. The first one is related to the 
importance of stress testing and its impacts on regulatory capital. Consequently, knowing the sensitivity 
of capital to risk parameters, it is crucial to make sure that the results obtained are reliable and to cover 
the uncertainty of the model (or in other words, the error term). The second reason is related to regulatory 
pressure from a documentation point of view. In fact, regulators ask for a clear documentation around 
stress test models in order to justify assumptions and projection results.      
The third dimension is timeliness of the approach. As mentioned above, the stress testing exercise is 
most likely to become a permanent exercise. Consequently, any approach built around this topic must 
take into account time constraints, computational time, resources workload, etc. Consequently, while 
implementing the model on real portfolio, the timeliness of the approach will be measured. 

3.1.3. Description of the portfolio on which the study was conducted 

As mentioned above, the portfolio on which the study was conducted is an SME portfolio. The relevant 
data is available from January 2006 until today. The score has been built on the modeling window of 
September 2012. The default rate series on which the stress testing model has been built is identical to 
the score modeling sample.    
The portfolio is constituted by a high number of counterparties with an average default rate of 2.73%. 
Moreover, the evolution of the individuals over a 6-month time horizon is: 

Figure 6 Evolution of the individuals over a 6-month time horizon 

 

160 321   156 801   157 708   157 718   156 203   155 046   

30/04/2012 31/05/2012 30/06/2012 31/07/2012 31/08/2012 30/09/2012
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For the purpose of the study, the score has already been constructed, based on the best practices in the 
industry. The score shows good performances with a Gini index 78%. The methodology used to build 
the score is not the core subject of the study. Yet, one interesting result is the relationship between the 
default rate and the Gini index as shown above: 

Figure 7 Illustration of the relationship between the default rate and the Gini index  

 

The graph shows that the default rate and the Gini index are negatively correlated (-89% over the time 
horizon). In fact, the default rate increases significantly from August 2006 (2.76%) to reach its peak on 
June 2007 (4.31%). In the meantime, the Gini index decreases from 73% to 61.8% over the same time 
horizon. This is explained by the fact that the score is calibrated on a modeling window with specific 
conditions. Once these conditions change, the performances of the score are impacted showing the 
limitation of the score to capture accurately the behaviour of the portfolio in times of stress conditions. 
Consequently, the purpose of the stress diffusion model as proposed within this approach is to 
understand the relationship between the performance of the score and the way the stress is diffused on 
the rating scale.  
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 Model calibration and results 

3.2.1.  Step #1 – Confirming the use of the Beta distribution 

The first step of the study is to confirm the use of the Beta distribution. For this matter, a Kolmogorov-
Smirnov test is performed on the existing default rate curve by rating class as provided by the score on 
this portfolio. A distribution fitting algorithm is used and a KS test is performed.  
The non-parametric test performed is: 

– H0 : The distribution follows a Beta distribution  
– H1 : The distribution does not follow a Beta distribution 

The results are shown above: 

Table 1 Results of the KS test 

 

The p-value with a 5% confidence level shows that the null hypothesis cannot be rejected. In other 
words, the assumption for which the default rate curve follows a Beta distribution can be applicable. 
Therefore, this curve will be modeled using this distribution. 

3.2.2. Step #2 – Modeling the default rate curve with a Beta distribution 

Once the hypothesis of using a Beta distribution is validated, the purpose here is to model the default 
rate curve using this distribution. The shape parameters will be calculated in order to fit the distribution 
with the observed curve as much as possible. 
In order to generalize the problem and verify its applicability in various conditions, the distribution of 
default rate by rating class has been simulated using a Monte Carlo simulation. 10 000 classifications 
have been simulated using a normal distribution for each individual rating class. 
The algorithm for computing the shape parameters provided positive and accurate results for 9 813 out 
of 10 000, which means a positive response of 98.2%. Examples of the results are presented below: 

Figure 8 Illustration of the results of the distribution of default rate per rating class  
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The performances of the fitting between the simulated curve and the fitted Beta distributions have been 
measured. The distributions of the coefficient of determination for the 9 813 classifications are shown 
below: 

Figure 9 Distribution of the coefficient of determination for the 9  813 classifications 

  

 The Root Mean Squared Error (RMSE) has been computed as well: 

Table 2 Results of the RMSE computation 

 

The conclusions are that the performances of the fitted curves are high with more than 98.7% of the 
classifications that have a coefficient of determination of more than 98.9%. The RMSE is low as well 
with more than 97% of the classifications that have a RMSE lower than 0.5%. The results provided are 
then considered as compliant with the expectations. 
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80,0% 82,1% 0 0,0%
82,1% 84,2% 1 0,0%
84,2% 86,3% 1 0,0%
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3.2.3.  Step #3 and Step #4 – Providing inputs to the optimization problem of Step 
#5 

Step #3 and Step #4 provide inputs to the system of equations to be solved in Step #5. Basically, there 
is no computation at this stage of the approach. As part of the Step #3, and for the purpose of this 
portfolio, the number of rating classes is 10 for the performing loans and 1 class (class#11) for the 
non-performing loans. Moreover, for the purpose of this study, it is assumed that the stress to 
be applicable to the average default rate is an add-on of 2%. In reality, the level of stress will 
be determined using a time series model and by projecting the default rate based on macro-
economic covariate. 
Consequently, by applying the formula in step 3.4, the increase in the area under the curve due 
to the stress applied is of 20%. 

3.2.4.  Step #5 – Finding the (α,β) for the post-stress curve 

The purpose of this paragraph is to solve the system of equations provided in part 3.6. This will allow 
the shape parameters for the stressed default rate curve to be determined. On one hand, the positive 
response of the model is key to validating its applicability in real conditions. On the other hand, the 
quality and the reliability of the results will show the ability of the model to diffuse the stress on the 
rating scale accordingly to the expected behaviour of the portfolio in tumultuous conditions.  
First, one interesting finding that must be mentioned is related to the relationship between the shape 
parameters α1 and β1 which means the relationship between the shape parameters of the fitted pre-stress 
curve. By drawing the point cloud between these two parameters, a linear relationship is identified 
between the two: 

Figure 10 Illustration of the linear relationship identified between parameters (α 1,β1) 
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By performing a linear regression between these two parameters, the results are as follows: 

Table 3 Results and characteristics of the linear regression parameters (α1,β1) 

 

 

Even though this result won’t be used in the system of equations, and therefore won’t be used for the 
purpose of this study, it remains important to notice that finding such a relationship can eventually have 
applications for other studies in the same field.  
Second, to solve the problem, a Generalized Reduced Gradient Algorithm has been applied on the 9813 
classifications for which the default rate curve has been modeled using the Beta distribution. From a 
computational point of view, the time span for finding the solutions was about a dozen of hours for all 
of the classifications. This time span could be considered as acceptable knowing that it could have been 
optimized using a computer with better performances and by optimizing the algorithm used. Out of 9 
813 classifications, 9 803 positive response were determined while 10 errors has been identified with 
negative shape parameters and stressed curves that don’t meet the requirements of this study.  
Consequently, the total positive responses for the entire study (including shape parameters for the pre-
stress curve and those for the post-stress curve) is about 98% which basically indicates the reliability of 
the model and its ability to be applicable and adaptable to various portfolios and default rate 
distributions. Some examples of the results are shown above in terms of the stress diffusion on the rating 
scale in comparison with the non-stressed curve: 

Figure 11 Example 1 – Illustration of the stress diffusion on the rating scale compared 
to the non-stressed curve 

 

 

Model parameters
Source Value Standard error t Pr > |t| Lower bound (95%) Upper bound (95%)

Intercept 0,843 0,012 71,364 < 0,0001 0,819 0,866
Beta 5,686 0,017 334,629 < 0,0001 5,652 5,719
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Figure 12 Example 2 – Illustration of the stress diffusion on the rating scale compared 
to the non-stressed curve 

 

 

Third, the model’s errors and accuracy have been measured and analyzed with the purpose of 
understanding these errors and cover them with relevant margin of prudence. Two main points have 
been identified as weaknesses in the model, which will require some adjustments and on which a margin 
will calibrated.  
The first point is related to the levels of pre-stress default rates for each rating class in comparison to 
the levels of post-stress default rates. In fact, for some classifications, and mainly for the “good classes” 
(class #1 to class #4 mainly), the post-stress default rates could be lower than the pre-stress default rates. 
This phenomenon is not observed for the other classes but is nonetheless interesting because it can be 
interpreted in various ways. One way to interpret that is to consider that in times of stress, the migration 
of potential “risky” individuals from good classes to bad classes purifies the “good” classes, meaning 
that in times of stress, the remaining counterparties classified within the “good” rating classes are 
considered risk-free (even in crisis times). Therefore, this purification of the good classes contributes in 
lowering the default rate for these classes: 

Figure 13 Analysis of the model’s errors 
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For the purpose of this study, this phenomenon will be considered as a model error. Yet, the 
interpretation from an economic point of view could be relevant and this feature is in line with findings 
identified during the AQR exercise in Europe. In fact, the Portfolio Improvement Effect (PIE) as 
described in the ECB’s Comprehensive Assessment Stress Test Manual is related to this phenomenon 
which means that from a regulatory perspective, it could be acceptable to present such results.  
The second point is related to estimating the impact of the stress. In fact, as mentioned above, the target 
for the model is to diffuse the impact of the stress (parameter “s” as detailed above) on the rating scale. 
The purpose here is to make sure that the average default rate post-stress meets the targeted “s” 
parameter. For the 9 803 classifications, the difference between the average pre- and post-stress default 
rates has been computed. The distribution is shown below: 

Figure 14 Average spread between the default rate pre-stress and default rate post-
stress – characteristics and distribution 

   

As shown above, the average spread between the pre- and post-stress default rates is 1.72%. Basically, 
we would expect to have a 2% spread as the stress parameter “s” has been set at 2% for the purpose of 
this study. This shows that the model tends to underestimate the diffusion of the stress, and this error 
must be covered by a margin of prudence. 
The methodology proposed to determine the margin of prudence has been chosen to cover both points 
listed above. In fact, one simple method has been proposed to cover both points at the same time:  The 
margin of prudence is calculated as the average spread between the curve pre-stress and post-stress and 
the “s” parameter. This margin of prudence is added to the individual default rates (post stress) of each 
rating class, which will contribute to translating the curve upwards while introducing two benefits: 

– First, the stressed default rates for the “good” classes are translated upwards and therefore 
contribute to a more prudential and conservative approach; 

– Second, the level of stress finally applied will be equivalent to the “s” parameter. 
To determine the margin of prudence MP: 

𝑀𝑀𝑀𝑀 = 𝑠𝑠 − (𝐷𝐷𝐷𝐷(𝑡𝑡 + 1) − 𝐷𝐷𝐷𝐷(𝑡𝑡)) = 𝑠𝑠 −  𝑠𝑠′ 
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3.2.5. Step #6 – Analyzing the relationship between the Gini index and the 
diffusion of the stress 

The purpose of this paragraph is to analyze the relationship between the Gini index and the way the 
stress is diffused on the rating. It is possible to imagine that the more the Gini index is high the more the 
stress impacts the “bad” classes. If such a relationship is plausible then the purpose here is two-fold: 

– First, it is important to verify the ability of the model to capture that information and to reflect 
this relationship in real conditions; 

– Second, it will allow for measuring the bias introduced by scores with low or medium 
performances by properly ranking the individuals in times of stress. Therefore, knowing the 
level of the bias, the diffusion of stress can be covered or corrected, consequently enhancing the 
ability of financial institutions to more precisely measure the risks that arise in times of stress. 

To do so, scores with different performances have been considered. The stress diffusion model detailed 
within this paper has been implemented and the impact of the stress has been measured for each rating 
class according to the performances of the score (and more precisely, the Gini index). The results above 
show the difference between the default rate pre- and post-stress for each rating class: 

Table 4 Results and impact of the stress diffusion model for each rating according to 
the Gini index 

 

The results above show two main features of the study: 
– The first point is related to the relationship between the Gini and the stress impact across the 

rating scale (horizontal axis of the matrix). As the results show, the lower  the Gini index, the 
less the evolution of the stress impact on the “good” classes is monotonously increasing:  

o For instance, if we consider the score with a 75% Gini index, the impact of the stress 
decreases from class 1 to class 5 

o On the contrary, if we consider the score with 85% Gini index, the impact of the stress 
is monotonously increasing on these classes 

– The second point is related to the relationship between the Gini index and the stress impact for 
one rating class (vertical axis of the matrix). For basically all classes (except class 10), the stress 
impact for a rating class increases with the Gini index. In other words, the higher the Gini, the 
higher the stress impact for a rating class. Yet, for class 10 the relationship between the Gini 
and the stress impact is inverted. One explanation for this phenomenon is that this class is at the 
boundary with the default class (i.e. class 11). In fact, the counterparties of this class are highly 
risky and their behaviour presents risky patterns in normal conditions. The distance to default 
is normally short. In times of stress these counterparties are most likely to default. Consequently, 
the better the performances of the score, the easier it will be able to identify these counterparties 
and classify them as highly risky. The impact on the distance to default post-stress in comparison 
to the one pre-stress is relatively short because these counterparties are already highly risky in 
normal conditions. This depends obviously on the precision of the score. 

These results prove that a relationship exists between the Gini index and the stress diffusion. They prove 
as well that the model designed for the purpose of this study captures that relationship and transcribes it 
in real conditions. 

 
 

Gini 1 2 3 4 5 6 7 8 9 10
0,75 0,27% 0,26% 0,20% 0,12% 0,08% 0,24% 0,91% 2,53% 5,57% 9,83%
0,76 0,27% 0,26% 0,23% 0,19% 0,21% 0,43% 1,15% 2,73% 5,55% 9,38%
0,77 0,27% 0,26% 0,21% 0,14% 0,12% 0,31% 1,01% 2,62% 5,58% 9,67%
0,78 0,27% 0,26% 0,22% 0,17% 0,17% 0,40% 1,13% 2,76% 5,64% 9,46%
0,79 0,27% 0,26% 0,23% 0,18% 0,21% 0,46% 1,22% 2,86% 5,69% 9,31%
0,80 0,27% 0,26% 0,24% 0,21% 0,26% 0,56% 1,36% 3,01% 5,75% 9,07%
0,81 0,27% 0,26% 0,24% 0,22% 0,29% 0,61% 1,44% 3,10% 5,79% 8,93%
0,82 0,27% 0,27% 0,26% 0,27% 0,40% 0,80% 1,71% 3,37% 5,87% 8,44%
0,83 0,27% 0,27% 0,24% 0,23% 0,32% 0,68% 1,57% 3,29% 5,94% 8,73%
0,84 0,28% 0,29% 0,35% 0,55% 1,01% 1,85% 3,12% 4,66% 5,94% 5,71%

Rating Class
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Conclusion 
As stress testing exercises become more and more important in today’s financial and regulatory world, 
the accuracy and the reliability of stress models on which the risk components are estimated must be 
subject to a special focus. In fact, the areas of optimization are numerous and the regulators are more 
and more concerned about the quality of internal models and the discrepancies identified from one bank 
to another. In this context, this white paper tries to provide an approach that allows for diffusing the 
stress on the rating scale more accurately and more friendly with real behaviours of the portfolios. 
Therefore, the stress impact depends on the severity of risks in the rating scale. Moreover, this study 
shows the impact of the Gini index on the stress diffusion and the bias introduced considering the level 
of performance of a credit score. This model, coupled with a migration model in stress conditions, will 
create some areas for RWA optimization and capital shortfall estimations, which might be interesting to 
look at.  
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Abstract 

Banks’ product offering has become more and more sophisticated with the 
emergence of financial products tailored to the specific needs of a more 
complex pool of investors. This particularity has made them very popular 
among investors. By contrast to liquid, easily understandable “vanilla 
products” with a simple payoff, “exotic” or structured products have a 
complex risk profile and expected payoff. As a result, risk management for 
these structured products has proven to be costly, complex and not always 
perfect, namely due to their inherent dynamic characteristics inherited from 
their optionality features. In particular, banks’ traders and investors in 
financial products with a digital optionality have experienced severe losses, 
either from pure downward pressure on asset prices or from difficulties to 
manage the inherent market risks properly. This white paper presents a 
particular occurrence of this issue on the interest rate market, extends it to 
commodities, and details some risk management techniques that could have 
been used in order to avoid losses. 
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Introduction 

One of the riskiest and most technical activities in corporate and investment banking is trading structured 
(or exotics) derivatives. The desks in charge of this activity are supposed to buy or sell, sometimes in 
size, complex products with exotic, unhedgeable risks: no liquid two-way market is necessarily available 
to hedge those risks by exchanging more simple products. Discontinuous payoffs are a typical case as 
they can lead to unexpected, strong variations of the risk exposures of the banks, especially for second-
order exposures like gamma risk. 
As part of their activity, structured derivatives trading desks tend to pile up important exposures to some 
exotic risks which, in case of a strong and sudden market move, may become difficult to manage and 
can lead to important losses. This is precisely what happened in June 2008, when interest rates structured 
derivatives desks were struck by a sudden inversion of the EUR swap curve, which led to an inversion 
of their gamma exposure. Many banking institutions lost important amounts on those interest rate 
structured activities in a few days only. 
This paper is focused on the example of derivatives desks and their behaviour when facing some market 
moves or inversions, as an illustration of the broader issue of the management of exotic risks 
accumulation. 
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1. An accumulation of risky products 

As a good illustration, the problem faced by interest rates structured derivatives desks in June 2008 is 
strongly related to Spread Range Accrual type products. Typically for this product, the payoff is 
discontinuous. These products are structured swaps, they are typically indexed on a reference spread 
between 2 rates of the same curve, e.g. CMS 30Y and CMS 2Y. At the end of each period (month, 
quarter, year...) the bank pays the following payoff to the counterparty: 

𝐹𝐹 × 𝑛𝑛
𝑁𝑁 

where  
– F is a fixed rate,  
– n is the number of days of the period when the fixing of the reference spread was above a defined 

strike K,  
– and N is the total number of days in the period.  

The payoff of the structured leg of the swap (from the bank's point of view) is shown on figure 1: 

Figure 1 Payoff of a Spread Range Accrual 

 

This type of products was very popular between 2005 and 2008. A major part of such products were 
sold with a strike at 0, on spreads like 30Y – 2Y, 30Y – 10Y and 10Y – 2Y. In practical terms, most clients 
bought this kind of product through a so-called “EMTN” (Euro Medium-Term Note)1. As long as the 
fixing of the spread was above the strike, they would receive a fixed rate higher than the swap rate with 
the same term. Some clients with a fixed-rate debt could also have a real interest for such product: by 
entering this swap, they paid a variable market rate (Libor, Euribor...) plus a funding spread and, if the 
fixing of the reference spread was above the strike, they received a fixed rate F which was greater than 
the initial debt rate. Thus these clients could keep the difference and reduce the cost of their debt. Of 
course, if the reference spread was below the strike, the clients would not receive anything from the 
bank and would lose a significant amount of money. However, thanks to historical analyses, banks were 
able to sell massively these Spread Range Accruals: since the creation of the EUR currency, the EUR 
curve had never been inverted, and the profit for the client was considered “almost sure”. 
From the trader's point of view, as long as the spread was above the strike, which means as long as the 
curve was not inverted, the risk management of the product remained simple. To value this 
discontinuous payoff, a market consensus was to use a piecewise linearization, by valuing a combination 
of caps on spread, as we can see on figure 2: 

                                                      
1 “A medium-term note (MTN) is a debt note that usually matures in 5–10 years, but the term may be less than one year or as 
long as 100 years. They can be issued on a fixed or floating coupon basis. Floating rate medium-term notes can be as simple 
as paying the holder a coupon linked to Euribor +/- basis points or can be more complex structured notes linked, for example, 
to swap rates, treasuries, indices, etc. When they are issued to investors outside the US, they are called "Euro Medium Term 
Notes".” (Source: Wikipedia) 
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Figure 2 Piecewise-linearized payoff 

 

This figure shows clearly that the Spread Range Accrual linearized payoff is equivalent to selling a cap 
on the spread at strike 𝐾𝐾 − 𝜀𝜀 and buying a cap on the spread at strike 𝐾𝐾, the 2 caps being leveraged at 
𝐹𝐹 𝜀𝜀⁄ . The 𝜀𝜀 factor was chosen by the trader, usually around 10 to 20 bps. This linearization allows 
valuing this payoff as a simple linear combination of vanilla products, and ensures conservativeness as 
the amount to be paid to the client is overestimated. 
The models used by banks to value this payoff are complex, using stochastic volatilities of the spread, 
in order to better simulate smile profiles for each component of the spread. Moreover, the product is in 
fact a sum of daily digital options, which complicates the valuation further. In this study, for clarity’s 
sake, we will simplify the payoff as a single digital option on spread S with maturity T and strike K. By 
using a simple Gaussian model, we can value this single digital option and calculate its sensitivities. 
In the following calculations we consider a digital option at strike K, with maturity T, and height H. As 
we have seen above, it can be piecewise linearized and valued as the sale of a cap on spread S at strike 
𝐾𝐾 − 𝜀𝜀 and the purchase of a cap on spread S at strike K. We assume that the spread, the value of which 
is S at time t = 0, evolves according to the following equation: 

𝑑𝑑𝑆𝑆𝑡𝑡 = 𝜇𝜇 ∙ 𝑑𝑑𝑑𝑑 + 𝜎𝜎 ∙ 𝑑𝑑𝑊𝑊𝑡𝑡 

The parameters of this model are the spread evolution tendency 𝜇𝜇, its volatility 𝜎𝜎, and the risk-free rate 
r. It is a normal model, which means that the spread S follows a Gaussian distribution. Then the value 
𝑉𝑉𝐶𝐶 of the cap at strike K and maturity T can be obtained easily with Black’s formula2: 

𝑉𝑉𝐶𝐶(𝑆𝑆, 𝐾𝐾, 𝑇𝑇, 𝜇𝜇, 𝜎𝜎, 𝑟𝑟) = 𝑒𝑒−𝑟𝑟𝑟𝑟 {(𝑆𝑆 + 𝜇𝜇𝑇𝑇 − 𝐾𝐾) [1 − 𝒩𝒩 (𝐾𝐾 − 𝑆𝑆 − 𝜇𝜇𝑇𝑇
𝜎𝜎√𝑇𝑇

)] + 𝜎𝜎√ 𝑇𝑇
2𝜋𝜋 𝑒𝑒−1

2(𝐾𝐾−𝑠𝑠−𝜇𝜇𝑟𝑟
𝜎𝜎√𝑟𝑟 )

2

} 

where 𝒩𝒩 is the standard normal cumulative distribution function: 

𝒩𝒩(𝑥𝑥) = 1
√2𝜋𝜋

∫ 𝑒𝑒−𝑢𝑢2
2 𝑑𝑑𝑑𝑑

𝑥𝑥

−∞
 

The digital option is a sale of a cap at strike 𝐾𝐾 − 𝜀𝜀 and leverage 𝐻𝐻 𝜀𝜀⁄ , and a purchase of a cap at strike 
K and leverage 𝐻𝐻 𝜀𝜀⁄ . The value 𝑉𝑉𝑑𝑑 of the digital option is easily calculated: 

𝑉𝑉𝑑𝑑(𝑆𝑆, 𝐾𝐾, 𝑇𝑇, 𝜇𝜇, 𝜎𝜎, 𝑟𝑟)  = − 𝐻𝐻
𝜀𝜀 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆, 𝐾𝐾 − 𝜀𝜀, 𝑇𝑇, 𝜇𝜇, 𝜎𝜎, 𝑟𝑟) + 𝐻𝐻

𝜀𝜀 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆, 𝐾𝐾, 𝑇𝑇, 𝜇𝜇, 𝜎𝜎, 𝑟𝑟) 

                                                      
2 Iwasawa, K. (2001), Analytic Formula for the European Normal Black Scholes Formula 
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= 𝐻𝐻
𝜀𝜀 𝑒𝑒

−𝑟𝑟𝑟𝑟 {−(𝑆𝑆 + 𝜇𝜇𝜇𝜇 − 𝐾𝐾 + 𝜀𝜀) [1 −𝒩𝒩 (𝐾𝐾 − 𝜀𝜀 − 𝑆𝑆 − 𝜇𝜇𝜇𝜇
𝜎𝜎√𝜇𝜇

)]

−𝜎𝜎√ 𝜇𝜇
2𝜋𝜋 𝑒𝑒

−12(
𝐾𝐾−𝜀𝜀−𝑆𝑆−𝜇𝜇𝑟𝑟

𝜎𝜎√𝑟𝑟
)
2

+(𝑆𝑆 + 𝜇𝜇𝜇𝜇 − 𝐾𝐾) [1 −𝒩𝒩 (𝐾𝐾 − 𝑆𝑆 − 𝜇𝜇𝜇𝜇
𝜎𝜎√𝜇𝜇

)]

+𝜎𝜎√ 𝜇𝜇
2𝜋𝜋 𝑒𝑒

−12(
𝐾𝐾−𝑆𝑆−𝜇𝜇𝑟𝑟
𝜎𝜎√𝑟𝑟

)
2

}

 

Now we will calculate the basic sensitivities (also called greeks) of this payoff: 
– delta 𝛿𝛿: defined as the variation of the value of the digital option when the level of spread S 

moves 
– gamma 𝛾𝛾: defined as the variation of the delta of the digital option when the level of spread S 

moves (second order sensitivity) 
– vega 𝜈𝜈: defined as the variation of the value of the digital option when the volatility 𝜎𝜎 moves. 

Mathematically, starting with the formula 𝑉𝑉𝑑𝑑  for the digital option value, we obtain the following 
formulas for greeks: 

𝛿𝛿 = 𝜕𝜕𝑉𝑉𝑑𝑑
𝜕𝜕𝑆𝑆 = 𝐻𝐻

𝜀𝜀 𝑒𝑒
−𝑟𝑟𝑟𝑟 [𝒩𝒩 (𝐾𝐾 − 𝜀𝜀 − 𝑆𝑆 − 𝜇𝜇𝜇𝜇

𝜎𝜎√𝜇𝜇
) −𝒩𝒩 (𝐾𝐾 − 𝑆𝑆 − 𝜇𝜇𝜇𝜇

𝜎𝜎√𝜇𝜇
)] 

𝛾𝛾 = 𝜕𝜕2𝑉𝑉𝑑𝑑
𝜕𝜕𝑆𝑆2 = 𝐻𝐻

𝜀𝜀
𝑒𝑒−𝑟𝑟𝑟𝑟

𝜎𝜎√2𝜋𝜋𝜇𝜇
[𝑒𝑒−

1
2(
𝐾𝐾−𝑆𝑆−𝜇𝜇𝑟𝑟
𝜎𝜎√𝑟𝑟

)
2

− 𝑒𝑒−
1
2(
𝐾𝐾−𝜀𝜀−𝑆𝑆−𝜇𝜇𝑟𝑟
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)
2
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𝜈𝜈 = 𝜕𝜕𝑉𝑉𝑑𝑑
𝜕𝜕𝜎𝜎 = 𝐻𝐻
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)
2

− 𝑒𝑒−
1
2(
𝐾𝐾−𝜀𝜀−𝑆𝑆−𝜇𝜇𝑟𝑟

𝜎𝜎√𝑟𝑟
)
2

) 

The profile of delta, gamma and vega can be seen respectively on figures 3, 4 and 5: 

Figure 3 Delta profile for the digital option 
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Figure 4 Gamma profile for the digital option 

 

Figure 5 Vega profile for the digital option 

 

We notice that the spread delta is negative: when reference spread increases, the value decreases as the 
payoff is more likely to be paid. Besides, we notice that the gamma profile reverses between strikes 𝐾𝐾 −
𝜀𝜀 and K. The vega profile is quite similar to gamma profile. 
As long as the spread remains in the area above strike K, the risk management of this product is simple: 
delta is negative, yet it is not volatile and can be easily hedged with swaps. The vega profile is positive 
and not volatile, it can be hedged with swaptions. In his daily risk management, the trader faces an 
exposure that is almost delta-neutral, vega-neutral and gamma-neutral. Observations made for a simple 
digital option can easily be extended to Spread Range Accrual products. 
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2. When risk comes true - A sudden and unexpected inversion of the EUR 

curve 

This situation was rather comfortable for structured derivatives trader on rates market, until the first half 
of 2008. As shown on figure 6, the 30Y – 2Y spread had remained positive: 

Figure 6 Evolution of the 30Y – 2Y spread until 30 April 2008  

 

However, in May 2008 the EUR curve began to flatten: 30Y – 10Y and 10Y – 2Y spreads got closer to 
0. Those spreads even became slightly negative, at -3 or -4bps (see figure 7), which was not enough for 
traders to see their risk exposures move strongly. As a matter of fact, the use of a 𝜀𝜀 factor to linearize 
the payoff slightly shifts the inversion of the gamma exposure: instead of happening at strike K, it 
happens when the spread is between 𝐾𝐾 − 𝜀𝜀 and K. In practical terms, there is a small area just below 
strike K where the trader's gamma exposure remains positive, due to the choice of such a cap 
spread model, while the gamma of the “real” payoff is already quite negative, as shown on figure 
8. The effect of a slight curve inversion (less than 𝜀𝜀 2⁄ ) will not be seen by the trader. On the contrary, 
he will see his gamma exposure become more positive on those products. 
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Figure 7 Evolution of the 30Y – 2Y spread after 1st May 2008 

 

Figure 8 Gamma profiles for discontinuous and linearized payoffs 

 

For that reason, many structured desks could not see the danger of this situation before it was too late. 
On June 5th 2008, 10 months after the beginning of the subprime crisis, while the Federal Reserve had 
already cut its main rate from 5.25% to 2% in 6 months, the European Central Bank published its new 
monetary policy decision: European rates would remain unchanged.  
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In the following press conference, the ECB president Jean-Claude Trichet declared that inflation risks 
in Europe were still greater than recession risks: 

“...we noted that risks to price stability over the medium term have increased further (...) upside 
risks to price stability over the medium term are also confirmed by the continuing very vigorous 
money and credit growth and the absence of significant constraints on bank loan supply up to 
now. At the same time, the economic fundamentals of the euro area are sound. Against this 
background, we emphasize that maintaining price stability in the medium term is our primary 
objective in accordance with our mandate...”3 

In the following question and answer sequence with journalists, The ECB President was even more 
explicit about the intentions of the ECB: 

“...we consider that the possibility is not excluded that, after having carefully examined the 
situation, we could decide to move our rates by a small amount in our next meeting in order to 
secure the solid anchoring of inflation expectations, taking into account the situation. I don't 
say it is certain, I say it is possible...”4 

Rates markets were taken aback. Most analysts had foreseen that the ECB would follow the example of 
the Fed and emphasize the recession risks in its message, to prepare markets for a rate cut in July 2008, 
or even sooner. But the actual message was exactly the opposite. 
Immediately, markets went wild. Facing a highly probable rate increase in July, short rates climbed 
while long rates dropped (see on figure 9 the strong increase of 3-month Euribor). Structured desks were 
plunged into an extreme case scenario: in a few minutes’ time, their spread gamma and vega exposures 
reversed completely and they discovered that they were now strongly gamma-negative. The fall of 
spreads and these gamma-negative exposures created significant positive delta-spread exposures: 𝛿𝛿 ≈
𝛾𝛾∆𝑆𝑆 > 0 . All traders were long of the underlying, and no one wanted to buy spreads any more. 
Consequently bids on spreads disappeared and, mechanically, without any significant transaction, offers 
dropped. On the evening of June 5th, the curve was already inverted by 30 bps. In a parallel way, the 
important exposures of traders to the steepening of the curve began to cross their risk limits. The traders' 
dilemma was the following: would they stop losses and cut delta exposures by massively selling the 
spreads when the market was lower than it had ever been, or would they wait and keep their exposures, 
hoping for the market to recover soon, which could lead to far greater losses if the market kept falling? 
In the end, risk aversion took over as exposures to steepening reached unprecedented levels. On Friday, 
June 6th, some Risk Management departments forced some desks to begin selling their exposures and to 
take their losses. These new offers on a one-way market pushed spreads even lower. On the evening of 
June 6th, curve inversion reached 60 bps. On Monday, June 9th, the curve was inverted by 70 bps (see 
figure 10). At such levels, even the less risk-adverse desks cut their exposures. 

 

                                                      
3 Source: http://www.ecb.int/press/pressconf/2008/html/is080605.en.html 
4 Source: http://www.ecb.int/press/pressconf/2008/html/is080605.en.html 
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Figure 9 Increase of the 3-month Euribor after ECB president’s declaration 

 

Figure 10 Evolution of the 30Y – 2Y spread after ECB president’s declaration  

 

In the following days, a similar issue arose on spread vega exposures, as desks were extremely short. 
Short volatilities (3M2Y , 3M10Y , 3M30Y ) increased strongly after the ECB President 's announcement, 
as shown on figure 11: 
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Figure 11 Evolution of the 3M2Y volatility after ECB president’s declaration  

 

The same dilemma arose: cut the exposure by buying immediately or wait and hope for a recover. Again, 
Risk Management departments forced desks to cut most of the exposures and pushed volatilities higher, 
increasing losses. 
Another strong impact of these market moves was indirect and arose from margin call effects: as the 
curve inverted, the fair value of the exotic spread-options in the portfolio rose rapidly, while the value 
of the hedges dropped. But the counterparties of the banks on spread-options were mainly corporates, 
and the collateral agreements that the banks had put in place with them did not require frequent margin 
calls. Therefore, the banks did not receive a lot of collateral from these counterparties. But the 
counterparties on hedges were mostly other banks, and the collateral agreements between banks were 
often more restrictive, requiring weekly or even daily margin calls. Soon the banks were required to post 
important amounts of collaterals. 
In the following weeks and months, the EUR curve steepened again, but it was too late and exotic desks, 
who went back to delta-neutral positions when the spreads were at their lowest, did not profit from this 
return. Actually, they suffered more losses as they were still strongly gamma-negative. The final 
outcome was bad for everyone: for clients, who did not receive any coupons from the bank and suffered 
from strongly negative mark-to-market values, and for traders, who had not anticipated the inversion 
and were severely struck by this exotic risk they could neither hedge nor manage. 
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3. The consequences - A basic illustration 

If we come back to the simple case of a single digital option on spread as presented above, we can try 
to approximate the impact of such an extreme scenario (strong curve inversion).  
We consider the case of a simple swap in which the bank pays on 1st December 2008 a payoff of 5% if 
EUR spread 30Y – 2Y ≥ 0 or 0% otherwise, the level of the EUR 30Y – 2Y spread being fixed on 1st 
September 2008. The notional is 10,000,000 Euros, and the 𝜀𝜀 coefficient used in the valuation is 10 bps. 
Then the value of the digital option, given market data at the pricing date, can be calculated with the 
formula given above (formula (1), (2), (3) and (4)): on 1st June 2008 it is -247k EUR. The sensitivities 
of the swap are: 

– 𝛿𝛿 = - 667,136 EUR, 
– 𝛾𝛾 = + 3,825 EUR and  
– 𝜈𝜈 = + 565 EUR. 

Now we use the market data of 9th June 2008, when the curve inversion is at its peak. Then the value of 
the swap is -244k EUR, and sensitivities have changed to: 

– 𝛿𝛿 = - 406,025 EUR, 
– 𝛾𝛾 = - 11,182 EUR and  
– 𝜈𝜈 = - 2,593 EUR. 

The variation of value is positive (+ 3k EUR). However, one should keep in mind that the trader has 
hedged his delta and vega exposure on this product before 1st June 2008. He has bought and sold swaps 
in order to obtain an overall delta exposure of + 667 136 EUR, and swaptions in order to obtain a vega 
exposure of - 565 EUR. If we add to the variation of value of the product the variation of its hedges, we 
obtain the global impact on the portfolio value, which is - 2,267 EUR. If we extend this analysis, taking 
into account that most of the digital products sold by the banks had more than one coupon (typically 
those products pay quarterly coupons for 10 or 20 years), and taking into account the size of the 
portfolios held by banks (several billions of notional), the impact for a typical exotic book could reach 
a hundred million Euros or more. As a matter of fact, if we assume those products had an average 
maturity of 15 years (60 quarters) and their cumulated notional in an average exotic book was 10 billion 
Euros, the loss would be around 1 000 × 60 × 2 267 ≈ 136 million Euros.  
Beyond the P&L effects described above, some key risk drivers were also impacted: 

– indirectly by increasing the regulatory capital required under market risk (increase in Basel II 
VaR), as the risk positions of the exotic books increased strongly, 

– directly by increasing drastically the funding risk of the bank (margin call effects) 
– virtually if some internal short-term liquidity ratios had existed at that time (Liquidity Coverage 

Ratio in particular)  
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4. A problematic shared with other asset classes - Focus on commodities 

Discontinuous payoffs popularity has spread across all financial asset classes and soon enough volumes 
have picked up and payoffs have become more complex, driving investment banks to find new sources 
of diversification and enticing risk (or income) seeking investors into new product families. Whatever 
the asset class, the risks involved in trading these discontinuous payoffs are similar, as not directly 
related to the underlying asset: gamma and vega flip sign at the barrier, delta magnitude is maximum at 
the barrier.  
Geopolitical, climatic, transportation or warehousing constraints can have drastic impacts on commodity 
products supply & demand, and therefore sudden increase in volatility on these markets is somewhat 
common. A commodity investor willing to take advantage of a high volatility environment while 
receiving income with some protection would be directed to discontinuous payoff products. 
Indeed, income products are popular among Private bank investors as they either provide a regular 
coupon or an upfront receivable coupled with an upside exposure to the underlying commodity. In order 
to finance this coupon, banks usually package a hedging instrument on the downside, usually with a 
barrier to offer some buffer protection to the investor and therefore limit the potential loss. Alternatively, 
investor can just sell the option to the investment bank in order to collect the premium and expect the 
underlying price to maintain above the barrier. These types of products are very popular among private 
bank investors as they offer decent return, are very competitively priced and payoff stay relatively 
simple. 
Let’s take an example on that kind of structure. 
Say an investor has a flat-to-bullish view that gold will maintain within the 1200-1250 (currently at 
$1,225 per troy ounce) range in the next year, and wants to monetize it. He thinks about selling an option 
on gold that would provide him with some upfront cash while being protected in case his view was 
erroneous and gold drops by up to 15%. The option that fits these investor requirements would be a 
down-and-in put on gold with strike equal to the spot market ($1,225 per troy ounce) and barrier price 
at 85% of current spot ($1,041.25 per troy ounce) with a maturity of 1 year. Another decision to be made 
is on the observation dates: should it be with continuous observation, daily discrete, periodically (like 
quarterly) or at expiry. This choice would have a great importance since the more observation dates you 
have, the more chances you have to cross the barrier and activate the put, hence a pricier option. So the 
investor would arbitrate between maximizing his premium (maximum observation dates) while 
minimizing his risk to sell gold at $1,225 per troy ounce when it is worth $1,041.25 per troy ounce 
(minimum observation dates). He could contact a few investment banks to get the most competitive bid 
on a 1y down-and-in put (DIP) on Gold in the notional size he wants, say $1M. His profit would be the 
premium received (in %) times the notional invested (transaction costs are factored in the premium price 
the winning investment bank is willing to pay to buy this put option).  
We consider this investor having entered into the contract with above mentioned specifications, with 
gold fixing reference to be on GOLDLNPM Index (London Gold Market Fixing Ltd - LBMA PM Fixing 
Price/USD, fixing at 3:00 pm London time). 

Figure 12 Down and In Put profile with strike 100 and Knock-In strike 85 
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From a risk management side, the bank’s trader who is long the put and sits on the barrier, wants 
visibility around it. In other words, trader wants to know which side of the barrier he will end up as this 
will determine whether: 

– The put has knocked in (Spot below barrier of $1,041.25 per troy ounce). That means the 
investment bank trader is long an In-the-money put, and will be delivered short delta, long 
gamma and vol. He has the right to buy gold at $1,225 per troy ounce when it is worth $1,041.25 
per troy ounce. 

– The put has NOT knocked in (Spot above barrier of $1,041.25 per troy ounce). That means the 
investment bank trader is long an Out-of-the-money put, worthless and with no risks. 

Now, let’s imagine that today is the last trading day for the above mentioned contract (with only one 
observation date, the closing price of gold at expiry date) and gold closed yesterday at $1,050 per troy 
ounce, i.e. 0,833% above the contractual put barrier. 
Say today the Federal Reserve Bank is about to release a monetary policy commentary and the market 
is expecting an ease, likely to take the price of gold up, since this decision would be inflationary, 
cheapening the value of dollar against gold. One would expect the market to be nervous with a bias on 
the upside, many actors placing some stop losses on the downside in case the FED base rate stays 
unchanged (or FED takes a hawkish stand). The gold trading day would be very volatile, with gold price 
going below and above $1,041.25 per troy ounce a few times (but no put activation since the official 
observation price is the closing price). Understandably, both the investment bank trader and the private 
bank investor are nervous as the payoff and risks for them are binary: all or nothing. The trader would 
be either short gold for $1M or nothing. Alternatively, the investor would have to pay the investment 
bank trader $1M x Max(Spot-Strike;0). Decision for the investment bank trader is then ultimately: how 
can I maximize my profit while still protect myself against a rise in gold price? Question which comes 
down to: shall I re-hedge my delta, as he cannot predict with certainty whether the option will be 
exercised or not? 
For instance, say GOLDLNPM trades at $1,043 per troy ounce at 2:58 pm. The DIP is out of the money 
and therefore will expire worthless at this price. At 2:59 pm, GOLDLNPM trades at $1,040 per troy 
ounce and the DIP is now in the money, and the terms of the contract will favor an automatic exercise 
of the put option. At that time the trader would flatten his short delta (that would be inherited from the 
put exercise) buy buying $1M gold at $1,040 per troy ounce. Twenty seconds before the close, 
GOLDLNPM moves back to $1,042 per troy ounce, DIP is out of the money and the trader must know 
sell back his $1M gold delta just acquired…. 
Bullion products, namely gold and silver, have experienced very high volatility several times since 2008. 
Sharp and sudden movements have pushed these barrier products near or breach across their barrier. As 
a result, many investors as well as banks faced sudden losses 

– Investors saw their investment mark-to-market drop suddenly (barrier [nearly] breach bringing 
their short put position in the money). That means investment banks became shorter as the long 
puts (nearly) activated. Long hedges on the exchange received margin call since their value 
dropped and banks needed to post initial margin for new longs needed to hedge the short position 
inherited from the drop in price of gold. That sparked a rush for cash liquidity or high quality 
collateral. 

– Banks not applying conservative risk management techniques (like barrier bending) had 
difficulties in hedging rapidly and adequately. Indeed, they had more difficulty in monitoring 
the breach (no early warning as their risks were not smoothen) and they experienced a binary 
switch in risks. 

This was particularly telling mid-April 2013 as shown by the historical prices graph below. Indeed, on 
April 15th, Gold plunged the most in 33 years amid record-high trading as an unexpected slowdown in 
China’s economic expansion sparked a commodity selloff from investors, concerned that more cash will 
be needed to cover position. 
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Figure 13 Evolution of spot Gold in April 2013 amid fears on China’s economic 
slowdown 
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5. It could have been avoided... 

Going back to the case of interest rate structured desks, the output was bad: the final losses for most 
interest rate structured derivatives desks were huge, reaching hundreds of millions of Euros. Facing such 
a disaster, one can only be surprised by the almost complete lack of anticipation from traders: these 
losses could have been avoided. Such an inversion was indeed a brand new move for the EUR curve, 
but it had already happened on other curves, like the USD curve. Therefore it should not have been such 
a surprise for interest rates desks to see the EUR curve invert. Besides, most structured desks frequently 
run stress-tests on their book simulating the impact of predefined market scenarios (on a daily or weekly 
basis), some of them being based on a strong decrease of spreads. The results of these scenarios should 
have warned traders and/or risk departments that they were on the edge of massive losses. Yet it seems 
that no one had considered these scenarios seriously.  
There were solutions to hedge this risk, as the curve flattened slowly at first, and even stayed flat for a 
few days. Meanwhile, the traders could have put in place some macro-hedging strategies. For instance, 
when spreads were closing to zero, it was easy to enter a strong curve flattening delta position (i.e. 𝛿𝛿 <
0). Thus in case of an inversion this negative delta exposure would have given a strong profit: 𝛿𝛿 × ∆𝑆𝑆 ≫
0. Gains on this exposure could have offset losses on the gamma position of exotics. This strategy was 
rather cheap compared to the losses that it could prevent. 
Going back to the calculation framework of the previous section, we can see that a flattening position 
should be around 1.4 million Euros of delta in order to ensure a 100 million Euros profit during the 
inversion. Such an exposure could be obtained through a 30y receiver swap with a notional of 950 
million euros, and a 2y payer swap with a notional of 9.78 billion Euros. These notionals may seem big, 
but a trader who had seen the danger soon enough would have at least a few days to put this exposure 
in place by smaller tranches, with a limited impact on market prices and without suffering from 
important transaction costs. By splitting these swaps in 20 pieces, transaction costs could have been 
reduced to 1 or 2bps, i.e. a total of 1.4 to 2.8 million Euros. This is a small amount of money, compared 
to the avoided losses. 
Risk and control departments have also failed in this particular case, mostly because they did not use 
the right indicators. As we have shown above, in this particular case the risk could not be seen in the 
greeks of the portfolio, which was the main indicator used by risk departments.  
Even in VaR models, the danger was not clearly visible. Most banks use Monte-Carlo schemes and 
random market scenarios in order to calculate their VaR, and clearly a scenario in which the 30Y – 2Y 
spread dropped by almost 70bps in only 2 days was perceived as extremely improbable then (or even 
impossible) and could not impact a 99.9% VaR. 
Different indicators could have raised a hint to risk departments. We have already mentioned stress-tests 
(although, to be fair, it is highly improbable that any bank would have considered a 70bps inversion 
scenario in its stress-tests before it happened…). But even a 20 or 30bps inversion scenario could have 
shown risk departments that a huge risk was hidden in the portfolios. More precisely, risk departments 
could also use a mapping of every digital and barrier option of the portfolio and their strikes, in order to 
identify points of accumulation. They could have defined exposure limits on a given strike, in terms of 
notional exposures or greeks. These solutions are examined in details in section 0 of this paper. 
But the truth is, most structured desks were completely taken by surprise by the inversion, which sheds 
light on the risk management practices inside banks' market activities and their deficiencies. Besides, 
this episode also reveals an inner weakness of exotic activities: a concentration of unhedgeable risks is 
a necessary consequence of this business. Practically, when a product is popular, it is massively sold by 
banks to their clients, leading to an uncomfortable situation where all banks accumulate the same risk 
concentration. When market evolution triggers the realization of the risk, all banks turn to the market to 
get rid of their products and the huge volume on the offer side of this one-way market makes prices 
plunge deeper. 
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6. Efficient risk management techniques  

Discontinuity in barrier deals payoff together with high volatility in underlying asset moves, requires 
that traders use effective techniques to both smoothen their daily risk management and P&L volatility 
and plan their strike management. The following sections aim to give guidance on the use of a few 
techniques to manage discontinuity risk: barrier bending, concentration and limit risk management and 
stress testing. 

 Bending strategies 

One can use dynamic hedges (delta hedging) or static hedges (use other options), but this proves costly 
and not always efficient. A powerful way to manage risks around the barrier is to “bend” it, namely with 
the use of put/call spreads, in order to limit barrier discontinuity risk at observation date(s). This 
technique has already been mentioned above, as it is widespread among structured derivatives desks. 
The objective for the bank’s trader is to gradually and conservatively represent risks. Indeed, bank’s 
trader will gradually come in the money from the barrier, thanks to a risk booking where the put will 
activate below the contractual strike. Therefore, it is easier for the trader to manage sensitivities around 
the barrier as the magnitude of the risk is more manageable and gradual compared to a binary risk with 
the contractual booking (cf. Figure 2). This conservative risk management technique is not directly 
impacting the financial product final payoff. Indeed, the risk booking on bank’s side is not impacting 
the terms of the contract and any underlying below the contractual barrier, say X, will activate the put 
even if the underlying fixes between X and the risk booking barrier. On the other hand, if the trader used 
a put with a barrier at 98% of X, he will be in the money thanks to a bigger drop in the underlying. If 
98% X < X, then Put (98% X) < Put(X). Therefore, the value the investor is expected to receive or pay 
at contract maturity is greater than the risk-managed / bended value. However, this would reflect 
mechanically in the daily valuations provided to bank’s client as valuations provided to clients on a daily 
basis come from the Front Office risk management system. This is also a “mid” value from which the 
bank’s trader would not be willing to unwind the position: indeed, he is usually long the put and 
unwinding this position at the risk managed mid would generate losses. It is therefore a challenge to 
show a market to investors that is shifted from the FO systems. The usage in many investment banks 
though is to give back one third of the bending value taken upfront to the client when unwinding. 
For instance, say an investment bank buys a down-and-in-put with an underlying strike price of 100 and 
a barrier at underlying price of 85, from a private bank (acting as an agent for a private investor) for a 
theoretical value of 15%. The investment bank trader would be willing to pay 14.5% to buy this option, 
as he would factor the conservative barrier bending in the risk management cost to trade. In other words, 
the trader would enter this product in his books at a lower value than what he would have done, had he 
not “bent” the barrier. The investment bank trader, who is long the put option, would be in the money 
at a lower price (say at underlying price 83.3) than where he would have been without the bend, 85: the 
put option is worth less to him and this view is therefore conservative. Investment bank’s trader put will 
go in the money BELOW bent barrier strike (instead of AT contractual barrier strike). The trader put 
will deliver sensitivities BEFORE the barrier is touched, which serves 3 purposes: 

1. Alert the trader the barrier is near breach 
2. Prepare hedging strategy 
3. Conservatively risk manage (Investment bank’s trader can expect some windfall) 
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Bending practice aims to smoothen greeks and mitigate/spread digital (or pin) risk around the barrier. 
Trading desks use different approaches to achieve this: 

– In the past, these included namely: 
o Booking offsetting linear rebates (to a certain theta limit the desk/market risk 

management felt comfortable to bear): offsetting risk management cashflows that 
activate as soon as the underlying nears the barrier 

o Rainbow weights: assets are bent depending on their liquidity/standard deviation 
o Booking different strikes or call spreads 
o Other ways to over-hedge (offsetting options in larger size than needed) 

– Nowadays, trading desks apply outright bends (see below) 
o Changing strikes/barriers in the risk booking 
o Approximate digitals as call spreads 

 Examples of bending strategies 

The below section presents different ways of bending a barrier that prove useful in a set of situations. 
Note that these ways can be combined for a maximum effect and command. 

Table 1 Methodology and characteristics for bending a barrier 
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 Manage risk concentration and limits 

A risk manager in an investment bank monitors digital risks (size, barrier, potential early 
unwind/redemption…) by observation dates and barrier strikes to avoid too much concentration on some 
barrier strike and/or underlying, and to allow effective risk management by the trading desk and other 
departments (Risks, Middle Office, Quants) to take precautionary measures. 

6.3.1. Monitoring observation dates and distance to barrier 

Observation dates for a barrier can be continuous (during trading hours), discrete daily or at expiry. That 
means the problematic risk management can occur on these dates where the underlying price of the 
financial product will be compared to the payoff conditions detailed in the contract binding the 
investment bank to the investor.  
A daily dashboard can be submitted to the trading desk by risk managers and/or middle office, with a 
specific “urgency” time window. Aim for the trader is to see prospectively as and when a problematic 
risk management would arise. A simple and effective way to risk manage barrier products is to maintain 
a dynamic matrix with a double entry:  

– Distance to barrier for each underlying asset 
– Distance to observation date 

Table 2 Example of dashboard monitoring observation dates and strikes  

 

6.3.2. Monitoring gamma by barrier strike 

The main risk encountered by the trading desk is to pin a barrier, that is to say being on or close to the 
barrier on the observation date, with the risk to go one way or another from the barrier. That means 
activating or not the barrier and the option being therefore in, at or out of the money. In other words, it 
is not appropriate for the trading desk to sit on the barrier as gamma is very large AT the barrier. This 
proves to be very problematic from a risk management perspective as the investment bank trader needs 
to take a decision as to hedge (in case the underlying price would activate the option) or leave the risk 
uncovered as the option would expire worthless. This would be amplified by the size of the risk 
concentrated on a given underlying level. To that extent, the investment bank trader would consider a 
table showing for each strike the amount of gamma risk held in portfolio. 
Moreover, concentrating gamma means a heightened risk for mismanagement and/or costly exit when 
the underlying spot ends at or close to the barrier value as the risk dynamics move against the hedger 
(not to mention the risk of non-compliance with internal limits policy and potential costly de-risking, 
reputational risk…). 
The graphs below present respectively delta and gamma profiles around the barrier strike for a down- 
and in-put, by maturity. One can see that both delta and gamma magnitudes are maximum right before 
the barrier, with static greeks once the barrier has been breached. Also, the closer to expiry the higher 
the magnitude of these risks. 

 



Risk management in exotic derivatives trading | Lessons from the recent past 

54 

Figure 14 Delta & Gamma profiles for down and in put 

 

 Stress testing 

Running regular stress tests with appropriately chosen scenarios specifically on the book comprised of 
barrier options can also help identify potential problematic situations and help anticipate exit/hedging 
and capture extreme events that a regular VaR would not. Specific scenarios can be built to suit the 
specificities of the underlying assets, offering more granularity in the input as well as results. These 
“targeted” stress tests shall be quick to design and implement, thanks to the expected limited number of 
positions in the book, the consistency in the underlying set and similarities in payoffs. Risk management 
departments shall set up an agile stress test platform that can be tailor-made to a specific market 
environment and/or stricter risk appetite while maintaining a robust risk management oversight on 
traders’ activities.  
“What if” scenarios would therefore reveal potential market conditions under which the investment bank 
trader would experience turbulences on the risk management of the option position. An example could 
be the stress of a portfolio of gold digital options with a global economic slowdown on a 2-year horizon, 
with a drop in China industrial output: running this scenario could help reveal which trades would breach 
or come close to the barrier. Consequently, appropriate barrier bending could be put in place to manage 
effectively the risks involved. 
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Conclusion 

Risk management techniques within banks have become more and more sophisticated in order to cope 
with products and underlying complexity, bearing very dynamic risks. On top of helping banks better 
manage their exotic risks and P&L volatility, risk management techniques have proven to be cost 
efficient tools in adverse market conditions. This deployment is also another answer to 
recommendations from supervisory authorities on a better management of market risk and liquidity. In 
this context, the present white paper provides clarification on past situations where banks experienced 
unexpected losses on portfolios that were deemed under control. Moreover, this study gives an 
introduction to some risk management techniques for managing discontinuity risk and limit losses, with 
specific examples on interest rate and commodity underlyings. 
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Abstract 

In the framework of knowledge promotion and expertise sharing, Chappuis Halder & Co. decided to 
give free access to the “Value-at-Risk Valuation tool” named in our paper “VaR spreadsheet estimator”. 
It contains the detail sheets simulations for the three main Value-at-Risk methods: Variance/covariance 
VaR, Historical VaR and Monte-Carlo VaR. The presented methodologies are not exhaustive and more 
exist and can be adapted depending on the process constraints. 
This paper aims to have a theoretical approach of VaR and define all relevant steps to compute VaR 
according to the defined methodology. And to go further, it seems important to define VaR for a linear 
financial instrument. Thus, illustrations to monitor the VaR for an equity stock has been performed with 
a European call option VaR simulations for a better understanding of the concept and the tool. This 
article only focuses on VaR but will provide opportunities to open to more quantitative risk indicators 
as Stress-tests, Back-testing, Comprehensive risk measure (CRM), Expected Tail Loss (ETL) or 
Conditional VaR… more or less linked with the VaR methodologies… 
The VaR spreadsheet estimator built through Excel and running using VBA Macros provided by GRA 
only works for a call option. Note that the VaR spreadsheet estimator is flexible as it is possible to 
compute the VaR for any underlying asset, for a given time horizon, for the desired volatility and so on. 
 
 
 
 
 
 
 
 
 
 
 
Keywords: Historical/ Monte-Carlo/ Variance-Covariance, VaR (Value-at-risk), ES (Expected 
Shortfall), Basel III, Dodd Frank, Stress testing, IRC (comprehensive Risk Measure), CRM (Incremental 
Risk Charge), FRTB (Fundamental Review of the Trading Book).Basel III, Dodd Frank, Stress testing, 
CCAR, Gini, Rating scale 
 
A special Thanks to Damien Huet, Youssef Boufarsi and David Rego for their help in giving insights for 
the purpose of this White Paper 
 
Please note that information, backgrounds, user forms and outputs contained in this document are merely informative. There 
is no guarantee of any kind, expressed or implied, about the completeness or accuracy of all information provided. Hypothesis 
taken are yours and interpretation of results are at your responsibility. Any reliance you place on backgrounds, user forms and 
outputs or related graphs is therefore strictly at your own risk. 
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1. What’s the Value-at-Risk (VaR)? 

 Short history of VaR and Capital Adequacy Requirement 

Following the 1980’s financial disasters and especially the 1987 October stock market crash and the 
increasing influence of mathematics and statistics modelling, the emergence of the dedicated 
quantitative methodologies revolutionised the financial risk industry. The VaR became, during the 90’s, 
the industry standard to express market risk indicator. 

Figure 1 VaR and Capital requirement – Chronology of events 

 

In 1988, the Basel Accord, aka Basel I Accord, defines for the first time a minimum capital requirement, 
the Cook ratio, to cover losses incurred with Credit Risk. Banks must maintain risk capital at least 8% 
of their total Risk Weighted Assets (RWA). The “Cook ratio” or solvency ratio was created: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝐶𝐶 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐶𝐶𝐴𝐴𝐴𝐴
𝑅𝑅𝑅𝑅𝐴𝐴𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑅𝑅𝐶𝐶𝑅𝑅𝑅𝑅

≥ 8%. 

The Cook ratio was highly criticized as it only took into account Credit Risk for the capital adequacy 
computation. In 1996, the amended Basel I Accord includes Market Risks to monitor market exposure. 
Based on statistical techniques the VaR was, firstly, built to meet this requirement. 
The VaR was developed to monitor impacts of four parameters on financial product: interest-rate, 
commodity, equity price and currency. 

– Interest-rate risk: the risk that interest rates (i.e. Libor, Euribor, etc.) will change. 
– Commodity risk: the risk that commodity prices (i.e. corn, copper, crude oil, etc.) will change. 
– Equity risk: the risk that stock or stock indices (i.e. Euro Stoxx 50, etc.) prices will change. 
– Currency risk: the risk that foreign exchange rates (i.e. EUR/USD, EUR/GBP, etc.) will 

change. 
The Basel Committee agreed for financial institutions to use their internal validated VaR models. In 
return, banking regulation rules enforce banks to backtest them. In this new regulatory framework, the 
notion of VaR was mainly democratized by JP Morgan through its RiskMetrics software. The key 
contribution of the service was that it made the parametric or variance/covariance VaR tool freely 
available to anyone. 
In 2004, Basel Committee published a new Accord that enforces banks to stress their valuation models 
and enable capital requirement to cover Credit, Market and Operational risk. The more complete 
solvency McDonough ratio replaced the initial Cook ratio. 

𝑀𝑀𝑀𝑀𝑀𝑀𝐶𝐶𝑀𝑀𝐶𝐶𝑀𝑀𝑀𝑀ℎ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝐶𝐶 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐶𝐶𝐴𝐴𝐴𝐴
𝑅𝑅𝑅𝑅𝐴𝐴𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑅𝑅𝐶𝐶𝑅𝑅𝑅𝑅+𝑅𝑅𝑅𝑅𝐴𝐴𝑀𝑀𝑀𝑀𝐶𝐶𝑅𝑅𝐶𝐶𝐶𝐶 𝑅𝑅𝐶𝐶𝑅𝑅𝑅𝑅+𝑅𝑅𝑅𝑅𝐴𝐴𝑂𝑂𝑂𝑂𝐶𝐶𝑀𝑀𝐶𝐶𝐶𝐶𝑂𝑂𝑂𝑂𝑀𝑀𝑂𝑂 𝑅𝑅𝐶𝐶𝑅𝑅𝑅𝑅

≥ 8%. 

From that time, the VaR has been declined into a large range of quantitative risk indicators: Stress-tests, 
Back-testing, Expected Tail Losses… 
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 What’s the VaR about? 

“The Value-at-Risk (VaR) defines 5 a probabilistic method of measuring the potential loss in 
portfolio value over a given time period and for a given distribution of historical returns. VaR 
is expressed in dollars or percentage losses of a portfolio (asset) value that will be equalled or 
exceeded only X percent of the time. In other words, there is an X percent probability that the 
loss in portfolio value will be equal to or greater than the VaR measure. 
For instance, assume a risk manager performing the daily 5% VaR as $10,000. The VaR (5%) 
of $10,000 indicates that there is a 5% of chance that on any given day, the portfolio will 
experience a loss of $10,000 or more.” Most of the time, VaR is computed daily and estimated 
between today and tomorrow. 

Figure 2 Probability distribution of a Value-at-Risk with 95% Confidence Level and 1 
day Time Horizon (Parametric VaR expressed as with a Normal Law N(0,1)).  

 

 The purpose of VaR 

The elegance of VaR is that it is easy to understand for internal and external stakeholders. 
Conventionally reported as a positive number VaR tends to mark a boundary between normal days and 
extreme events. 
Under the Basel III Accord, regulators require a VaR performed over a Horizon of Time of 10 days with 
a 99% confidence level, using at least one year of historical data (252 trading days) and updated at least 
once every quarter. 
  

                                                      
5 Financial Risk Management book 1, Foundations of Risk Management; Quantitative Analysis, page 23. 
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 What’s the VaR for?  
 

VaR is used by a lot of institutions all over the world in a reporting and management perspective: 
– Objectives of performing VaR 

o Information reporting. VaR computes aggregated risks and allows appraising senior 
management about risks involved by trading and investment positions. 

o Controlling risk. VaR is to set positions limits for traders and business units. 
o Managing risk. VaR is used to allocate capital to traders, business units, products and 

even the whole institutions. It aims also to assist portfolio managers in having a better 
comprehensive view of the impact of a trade on portfolio risk. 

– Stakeholders impacted by the VaR monitoring 
o Financial institution - Risk management faces with many financial risks involved 

through trading portfolios. 
o Regulators - The prudential regulation of financial institutions requires a minimum 

amount of capital to face with potential unexpected financial losses. The Basel 
Committee, the FED (US Federal Reserve), the SEC and regulators in the European 
Union highlight the fact that VaR must be considered as the benchmark to evaluate 
market risk. 

o Nonfinancial corporations - VaR is mainly used by financial service firms but has 
even begun to find acceptance in non-financial corporations that have an exposure to 
financial risks. 

o Asset managers – Institutional investors are now using VaR tool to manage their 
financial risks and evaluate the total capital at Risk on a portfolio basis, by asset class 
and by individual manager. 

 The required hypothesis to estimate the VaR 

The assumption of VaR relates to the normality of the considered distribution. We assume that the price 
of a financial instrument follows a log-normal distribution. 
The following parameters are required: 

– The distribution of profits and losses of the portfolio using a relevant methodology. The two 
non-parametric methodologies are Historical and Monte-Carlo VaR and the third one is a 
parametric approach. 

– The Confidence Level defines in this document the probability that a loss will not be equal or 
superior to the VaR. 

– The Time Horizon of the VaR. 
– Being an ex-ante indicator, the portfolio value is computed from the present weight, the 

correlations and the assets volatilities (versus Ex-post approach that computes the portfolio 
returns and from it we estimate the portfolio volatility). 

– The VaR can either be expressed in value (€, $, …) or in return (%) of an Asset value. 
Basically, to estimate the N days VaR from a 1 day result we consider that the N days VaR is 
equal to the square root of N multiplied by the VaR 1 day. 

𝑉𝑉𝑉𝑉𝑉𝑉(99%, 𝑁𝑁 𝑑𝑑𝑉𝑉𝑑𝑑𝑑𝑑) = 𝑉𝑉𝑉𝑉𝑉𝑉(99%, 1 𝑑𝑑𝑉𝑉𝑑𝑑)  × √𝑁𝑁 
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2. Post-crisis VaR measure regulatory framework 
The VaR estimation is extensively used by regulators and financial institutions to estimate regulatory 
capital or for internal monitoring. They usually use the 10-day 99% VaR for market risk and 1-year 
99.9% for credit and operational risk. 
In the following sections, we’ll focus on the market VaR since it’s the main measure for market risk and 
as such has been subject to a number of regulatory initiatives in recent years. 

 Current market risk framework 

The current market risk framework is a resultant of successive regulations with purpose to address 
identified shortfalls of the in force. 

2.1.1. Basel 2.5 

In the aftermath of the 2008 financial crisis, changes were necessary to the calculation of capital for 
market risk in the Basel 2 framework with regard to the huge losses incurred by Financial Institutions 
relative to their trading book. Those changes were referred to as Basel 2.5, with their implementation 
realised in December 31th 2011: 
3 additional measures were introduced in addition to the traditional VaR:  

– Stressed VaR calculation; 
– A new Incremental risk Charge (IRC);  
– A Comprehensive Risk Measure for credit correlation. 

2.1.2. Stressed VaR 

In Basel 1, the VaR estimation was the 10-day at 99% VaR. Most banks using the historical VaR, based 
on the fact that the low volatilities in the 2003-2006 period were not able to anticipate sudden high level 
of VaRs after 2007.  
Therefore, to factor potential periods of stress, the Basel Committee introduced the stressed VaR in 
order to have a VaR estimated in a stressed period and a robust one. The historical simulation estimation 
assumes that the percentages of changes in market variables during the next days are a sample random 
from their percentages of daily changes observed during the 250-day period of stressed market 
conditions. The additional stressed VaR requirement should help reduce the pro-cyclicality of the 
minimum capital requirement for the market risk purpose. 

2.1.3. IRC Incremental Risk Charge 

Based on the estimation, exposures in the trading book 6  were attracting less capital than similar 
exposures in the banking book (10-day at 99% VaR vs 1-year at 99.9% VaR). Therefore, banks tended 
whenever possible towards holding credit-related instruments in the trading booking. In response, in the 
trading book, regulators proposed an Incremental Risk Charge calculated as a 1-year 99.9% VaR for 
credit sensitive instruments. Banks were in addition asked to estimate a liquidity horizon for each 
instrument subject to the IRC. 

2.1.4. Comprehensive Risk Measure 

The Comprehensive risk estimation “CRM” takes into account risks arising from the “Correlation 
Trading Portfolio” and also the correlation between the defaults risks of different instruments (i.e. ABSs 
and CDOs). The CRM is usually calculated within a 99.9% Confident of one-year and would replace 

                                                      
6 Cf. BCBS - Consultative Document: Fundamental review of the trading book: A revised market risk framework, October 
2013 
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the IRC “Incremental Risk Charge” and the specific risk charge for instrument dependent on credit 
correlation. 

 Fundamental Review of the Trading Book - FRTB 

With the same ambition of improving the trading book framework7 after the financial crisis, the Basel 
committee launched a consultation in May 2012 around: 

– The definition of the trading book; 
– The market risk and liquidity risk measurement and capitalisation;  
– The supervision of internal risk models. 

The FRTB also aimed at answering some inconsistencies introduced by Basel 2.5 and covering some 
key issues not covered by Basel 2.5. 
Thus the FRTB is proposing the introduction of a new risk estimation which compared to VaR, addresses 
better the issue of capturing fat tails in the distribution of asset returns and, on a theoretical basis, is 
a risk-coherent metric. The advantage of the expected shortfall (ES) is in the high level of conservatism 
of the estimation (over the actual VaR estimation).  

 Basel 3 

Basel 3 requires the Credit Valuation Adjustment (CVA) arising from changing credit spreads to be 
incorporated into market risk calculations. Once CVA has been calculated, the delta and gamma with 
respect to a parallel shift in the term structure of the counterparty’s credit spread are computed. These 
can be used to add the counterparty’s CVA to the other positions considered for market-risk calculations. 

  

                                                      
7 Cf. Fundamental review of the trading book 
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3. Presentation of the VaR framework methodology 

 The three main methodologies to compute VaR 

3.1.1. Presentation 

In this document, a focus will be done on the three main methods used by financial institutions: 
– Historical estimation – Not a parametric method 
– Variance-Covariance estimation – Parametric: linear method 
– Monte-Carlo estimation – Not a parametric method 

Besides, before detailing the different methods, a short presentation of the basics relevant indicators 
implied in the VaR estimation is done to help the reader understand the technical terms. 

3.1.2. Basic indicators 

The main indicator is the confidence level which is the probability scale for the loss to not exceed a 
specific VaR amount within a time horizon: 

– 99% (as the regulatory request for the estimation horizon); 
– 97.5%; 
– 95%; 
– 99.9% (as the regulatory request for the stress-test horizon). 

This scale is often associated to a time horizon (trading days) of forecasting period of the VaR: 
– 1 day; 
– 10 days (as the regulatory request for the estimation and stress-test horizon); 
– 252 days (one year); 
– The user time horizon. 

Note that to be confident with the results, a minimum of 252 trading days historic of observations (i.e. 
one year) is requested. 
The main benefit of VAR calculation is the diversification effects between financial instruments in the 
same portfolio. “Risk is reduced by investing in various assets. If the assets value do not move up and 
down in perfect synchrony, a diversified portfolio will be less risky than the weighted average risk of its 
constituent assets, and often less risk than the least risky of its constituents8”: 

– If securities are perfectly correlated (correlation of 1) the portfolio VaR of several securities 
equals the VaR for the individual positions. 

– If securities have no correlation (correlation of 0) the portfolio VaR is fully diversified and the 
risk equals to zero. 

– A correlation between 0 and 1 drives to a diversified risk estimated depending on the level of 
correlation between financial instruments. 

3.1.3. Quantitative methods 

Linear method assumes the normality of the distributions of the returns  

Parametric VaR (Variance/ Covariance, Delta-valuation, correlation method): Parametric approach 
assumes the normality of the returns. Correlations between risk factors are constant and the delta (or 
price sensitivity to changes in a risk factor) of each portfolio constituent is constant. Using the 
correlation method, the Standard Deviation (volatility) of each risk factor is extracted from the historical 
observation period. The potential effect of each component of the portfolio on the overall portfolio 

                                                      
8 Sullivan, Arthur; Steven M. Sheffrin (2003). Economics: principles in action. Upper saddle river, New Jersey 07458: Pearson 
Prentice Gall. P273 
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value is then worked out from the component’s delta (with respect to a particular risk factor) 
and that risk factor’s volatility. 

Two Full-Valuation methods exist based on the initial position measure risk re-pricing the 
portfolio over a range of scenarios 

– Historical VaR: Historical VaR involves running the current portfolio across a set of historical 
price changes to yield a distribution of changes in portfolio value and computing a percentile. 

– Monte-Carlo VaR: Monte Carlo does not assume normality of the distribution. It is based on 
historical observations. A large number of randomly generated simulations are run forward in 
time using volatility and correlations estimations chosen by the risk manager. Each simulation 
will be different but in total the simulations will aggregate to the chosen statistical parameters. 

Other Conditional methodologies exist9: 

– Exponentially Weighted Moving Average (EWMA) model; 
– Autoregressive Conditional Heteroscedasticity (ARCH) models;  
– The declined (G)ARCH (1,1) model. 

Stress Test  

The reinforcement of the regulatory framework imposes a stress-test of the VaR and an estimation of 
the expected shortfall: 

– The stressed VaR should be estimated periodically based on one worst year of observation 
within ten days of horizon and a confidence level at 99.9% (i.e. above the 99% threshold for the 
actual VaR) 

– The expected shortfall will represent the maximal amount of losses not included in the VaR 
threshold (above the 99% threshold) and will allow financial institutions to have a deeper view 
of the risk. 

Note that these estimations are available in the VaR spreadsheet estimator and the methods overview 
will be developed in the following sections. 

VaR regulatory Backtesting exercise 

As for the Basel indicators, the VaR should be controlled periodically with a specific methodology to 
assess the performance and the relevance of the estimation. This exercise will not be developed in the 
VaR spreadsheet estimator nevertheless, a short presentation of the exercise is done in this document to 
better understand the main steps and what is at stake. 

3.1.4. Main common steps of a VaR estimation 

To compute a VaR, the methodology always follows the same process independently of the approach: 
– Mark to market the value of the portfolio at the initial time (last date); 
– Measure the variability of the risk factors; 
– Set a time horizon to estimate the VaR results (1 day, 10 days…); 
– Define a confidence level depending on the level of risk of the portfolio (95%, 99%...); 
– Report the “worst potential losses over a Time Horizon with a certain confidence level” using a 

probabilistic distribution of revenues. 
  

                                                      
9 Not exhaustive and the methodologies are not detailed in this document 
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In the following sections are presented the Expected Shortfall, the stress-test and Backtesting 
approaches. The actual VaR estimations are developed in the sections: 

– 4. The historical Value-at-Risk method 
– 5. The Variance/Covariance Value-at-Risk method 
– 6. The Monte-Carlo VaR method 

 Expected Shortfall 

The Expected Shortfall method estimates losses when an observed return is beyond the VaR. Above all, 
this measure is used when the returns distribution has fat tails or when the distribution beyond the VaR 
looks unusual. But also when one has a non-linear position for instance with options. 
“For example, for a probability level of 99%, a VaR equal to $1 million means that the loss of the 
position should not exceed $1 million in 99 cases out of 100 on average. A natural question is how much 
a position can lose on the exceptional hundredth case.”10 

3.2.1. Expected shortfall motivations  

When one forecasts a VaR spreadsheet estimator, he estimates a value. This value represents the worst 
expected loss of a position for a determined time horizon. For example, when we take the case used in 
the variance/covariance part, we calculated a VaR at a 95% confidence level with a time horizon of one 
day. Unfortunately, these methods cannot measure, if we assume a return is exceeding the VaR, how far 
this exceeding return would be from the VaR.  
Statistically speaking, this is how we define the expected shortfall for a confidence level (α) with a 
specific time horizon (d): 𝐸𝐸𝑆𝑆𝛼𝛼,𝑑𝑑 = 𝔼𝔼[𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙|𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ≤ −𝑉𝑉𝑉𝑉𝑉𝑉(𝛼𝛼, 𝑑𝑑)]. 
The main downside lies in the weakness of the estimation. Indeed, when one wants to implement the 
expected shortfall with a historical distribution, there are just a few observations beyond the VaR. Thus, 
one needs to be careful with the estimation that can be called a risky one, because of the lack of 
robustness of the estimator. However, nowadays, it is the best estimation we have in order to prevent 
losses from exceeding the VaR.  

3.2.2. Expected shortfall applications 

Returns distribution with fat tails 

The variance/covariance method assumes the returns distribution follows a normal one. So the 5% 
quantile of this normal distribution was taken into account in order to determine the VaR. Overall, when 
one exploits linear positions, the returns distribution could be computed. Thus, with enough historical 
data, one should be able to determine the distribution of the tails. The dispersion beyond the VaR is 
important, the fatter the tail is the biggest a loss could be when a return exceeds the VaR value. With 
the assumption of a normal distribution, the tail is thin, so the losses would be condensed around the 
VaR. 

Positions with options 

In a matter of non-linear positions: leverages positions and highly leveraged positions may, when a 
return exceeds the VaR, bring about great losses. For instance, let’s say we take a short position on the 
underlying asset, we buy n put options and sell n call options. We bought put options thanks to the sale 
of the call options. Let’s call P the price of the position.  

𝑃𝑃 = 𝑆𝑆0 − 𝑆𝑆𝑇𝑇 − 𝑛𝑛 ×𝑚𝑚𝑉𝑉𝑚𝑚(𝑆𝑆𝑇𝑇 − 𝐾𝐾𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, 0) + 𝑛𝑛 ×𝑚𝑚𝑉𝑉𝑚𝑚(𝐾𝐾𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑆𝑆𝑇𝑇, 0). 

                                                      
10 Source: Beyond the VaR – Longin 2001. 
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Where S0 is the initial price of the underlying asset, let’s fix it to the amount of $1000. We assume the 
returns follows a normal distribution. Thus, the 95% quantile is fixed to the amount of $1016.45. 
Moreover, we assume the value of the put call is exactly the value of the normal distribution’s 95% 
quantile. So, the strike value of the call is equal to the VaR (95%). When we compare the loss beyond 
the VaR with a linear position, we can see that the dispersion above the VaR is more important than the 
linear position. 

3.2.3. Expected shortfall practical approach  

As we said in the first paragraph, the expected shortfall could be a risky estimator because there would 
be few returns which would exceed the VaR. Thus, an approach to this problem was to be more 
conservative with the VaR. Instead of having a 99% VaR, Longin11 recommends to put a 99.9% VaR. 
This method would cover even more exceeding returns beyond the VaR. But, we come back to the first 
problem about measuring the loss beyond the VaR.  
Nevertheless, we reckon choosing between a 99.9% VaR and the expected shortfall depends on the tail 
distribution and the distance between observed returns beyond the VaR and the VaR. We think some 
tails imply the inevitable use of a unique method.  

Unusual tails 

When a distribution is close to a normal one, the expected shortfall is a good approach because of the 
condensed distribution around the VaR. Nevertheless, one could imagine a distribution with a peak in 
the tail such as the chart beneath. In this case, the density distribution makes us think if a return is beyond 
the VaR, this return has more chances to be near the mathematical expectation of the peak. If we compute 
the expected shortfall, the value estimated could be less than this mathematical expectation which means 
one may underestimate the loss. 
This example highlights the limit of the expected shortfall method. Indeed, in some cases, it would 
clearly underestimate the loss of a return. In order to overcome this limit, we propose to adopt a threshold 
approach to determine when the expected shortfall should be used.  

A threshold approach 

We pointed out the fact the expected shortfall could underestimate the loss. In this case, we advise to 
use a more conservative approach, which means using a 99.9% VaR. Nevertheless, when we concentrate 
on the distribution tail beyond the VaR the expected shortfall must be measured in order to choose 
between a more conservative VaR and the expected shortfall method. The choice is based on thresholds 
set up by the bank’s cover strategy. 
We have to take into account the tail of the returns distribution where one would face two scenarios: 

– A peak in the tail distribution, 
– Or a fat tail. 

A peak in the tail 

If the tail distribution, after a 99% estimated VaR, includes a “peak”, one may calculate the difference 
between the mean of the peak in the tail and the expected shortfall, as the expected shortfall must 
underestimate the loss which is concentrated around the mean of the peak. A different threshold must 
be computed by the bank in order to choose between a more conservative VaR, if the difference is not 
so far in terms of loss, or to keep the same VaR, because a more conservative VaR would not cover the 
peak and in a matter of capital requirements a 99% quantile of the peak distribution would be extremely 
costly.  
  

                                                      
11 Source: Beyond the VaR – Longin 2001. 
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The formula can be written as follows:  

𝐸𝐸𝐸𝐸1 = 1
∑ 𝟙𝟙{𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛𝑖𝑖<𝑉𝑉𝑉𝑉𝑅𝑅𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%}

252
𝑖𝑖=1

∑ 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛𝑖𝑖𝟙𝟙{𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛𝑖𝑖<𝑉𝑉𝑉𝑉𝑅𝑅𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%}

252

𝑖𝑖=1
 

A fat tail (without a peak) 

If one considers the tail distribution as fat, meaning fatter than the tail of a normal distribution, one may 
compute the expected shortfall and may measure the difference between the expected shortfall and the 
VaR. One may compute an indicator which would be defined as a ratio, the numerator would be the 
difference, and the estimated VaR as the denominator. The greater the ratio is, the more concentrated 
around the expected shortfall the losses are. Thus, a bank would need to define a threshold on the ratio 
in order to determine if the VaR spreadsheet estimator is conservative enough or if they have to use a 
more conservative VaR.  
The expected shortfall is more coherent than the actual VaR estimation nevertheless, the implementation 
and the Backtesting of this indicator is not as simple as for the actual VaR. Besides, it is more of a 
concern for credit risk and operational risk than for market risk (in general market distribution can be 
approximated with a normal distribution). The formula can be written as follows: 

𝐸𝐸𝐸𝐸2 = 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑉𝑉𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99.9% − 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑉𝑉𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%  

 Stress-Test 

3.3.1. Stress-Test regulatory framework 

The VaR stress-test is summited to regulatory exigencies for the internal model to be Basel compliant. 
Thus, some guidelines are suggested by the European regulatory to be controlled by the local regulators. 
The main exigency for the VaR model is to select a cumulative period of at least 12 months which 
includes the worst period12: “The requirement set out in the CRD that the historical data used to 
calibrate the Stressed VaR measure have to cover a continuous 12-month period, applies also where 
institutions identify a period which is shorter than 12 months but which is considered to be a significant 
stress event relevant to an institution’s portfolio”. Note that the scenario for the non-VaR models13 are 
not presented in this document. 
No mandatory process is suggested for the worst period identification but the identification of the period 
should be detailed and justified, extract of the EBA Guidelines on Stressed Value At Risk (Stressed 
VaR) EBA/GL/2012/2: … on ‘Identification and validation of the stressed period’, elaborates on the 
value-at-risk model inputs calibrated to historical data from a continuous 12month period of significant 
financial stress relevant to an institution’s portfolio and deals with i) the length of the stressed period, 
ii) the number of stressed periods to use for calibration, iii) the approach to identify the appropriate 
historical period and iv) the required documentation to support the approach used to identify the stressed 
period. 
If the data is not available to include the shift of returns then the financial institution can pick 
up another period but has to deeply justify its choice. Basically, one can use the volatility of a 
specific risk factor as a parameter to identify the stress period. Nevertheless, the period should 
be justified by the financial institution.  
The worst period identified once should be monitored to include the forward evolution of the 
market. Thus, one can use a threshold of the excessive observed VaR as an alert when an update 
of the period will be required.  
 

                                                      
12 Cf. EBA guidelines on Stressed Value At Risk – EBA /GL / 2012 / 2 
13 Cf. www.eba.com 
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3.3.2. Stress-Test methodology framework 

 
The whole process of the stress-test should be implemented with the following steps: 

– Selecting the risk factor and the historical data; 
– Defining and justifying the stress period; 
– Assessing the methodology (in respect to the actual VaR14) on the worst period; 
– Explaining discrepancies between the stressed VaR and the actual VaR (prudence margin…); 
– Weekly monitoring the stressed VaR related: 

o to the market position, 
o to the business consequences (profit & loss etc.),  
o to the regulatory impacts (equity charge…). 

– Backtesting as regulatory requested. 
The stress-test methodology should be consistent with the actual VaR for: 

– confidence level, 
– time horizon 

Meaning that if the financial institution is computing a 𝑉𝑉𝑉𝑉𝑉𝑉10 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%, then the stressed-VaR should 
be in line: 𝑉𝑉𝑉𝑉𝑉𝑉𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑑𝑑𝑠𝑠𝑑𝑑,10 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%but established on the worst 252 days period of the asset observation 
in the market. Other types of information are requested such as the depth of historical data, risk factor, 
the back-testing procedure can be assessed specifically for the stress-test purpose.  

3.3.3. Expected shortfall applications 

Returns distribution with fat tails 

The variance/covariance method assumes the returns distribution follows a normal one. So the 5% 
quantile of this normal distribution was taken into account in order to determine the VaR. Overall, when 
one exploits linear positions, the returns distribution could be computed. Thus, with enough historical 
data, one should be able to determine the distribution of the tails. The dispersion beyond the VaR is 
important, the fatter the tail is the biggest a loss could be when a return exceeds the VaR value. With 
the assumption of a normal distribution, the tail is thin, so the losses would be condensed around the 
VaR. 

Positions with options 

In a matter of non-linear positions: leverages positions and highly leveraged positions may, when a 
return exceeds the VaR, bring about great losses. For instance, let’s say we take a short position on the 
underlying asset, we buy n put options and sell n call options. We bought put options thanks to the sale 
of the call options. Let’s call P the price of the position.  

𝑃𝑃 = 𝑆𝑆0 − 𝑆𝑆𝑇𝑇 − 𝑛𝑛 × 𝑚𝑚𝑉𝑉𝑚𝑚(𝑆𝑆𝑇𝑇 − 𝐾𝐾𝑐𝑐𝑑𝑑𝑐𝑐𝑐𝑐, 0) + 𝑛𝑛 × 𝑚𝑚𝑉𝑉𝑚𝑚(𝐾𝐾𝑝𝑝𝑝𝑝𝑠𝑠 − 𝑆𝑆𝑇𝑇, 0). 

Where S0 is the initial price of the underlying asset, let’s fix it to the amount of $1000. We assume the 
returns follows a normal distribution. Thus, the 95% quantile is fixed to the amount of $1016.45. 
Moreover, we assume the value of the put call is exactly the value of the normal distribution’s 95% 
quantile. So, the strike value of the call is equal to the VaR (95%). When we compare the loss beyond 
the VaR with a linear position, we can see that the dispersion above the VaR is more important than the 
linear position.  
 

                                                      
14 IC at 99% with a 10 days of time horizon 
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3.3.4. Expected shortfall practical approach  

As we said in the first paragraph, the expected shortfall could be a risky estimator because there would 
be few returns which would exceed the VaR. Thus, an approach to this problem was to be more 
conservative with the VaR. Instead of having a 99% VaR, Longin15 recommends to put a 99.9% VaR. 
This method would cover even more exceeding returns beyond the VaR. But, we come back to the first 
problem about measuring the loss beyond the VaR.  
Nevertheless, we reckon choosing between a 99.9% VaR and the expected shortfall depends on the tail 
distribution and the distance between observed returns beyond the VaR and the VaR. We think some 
tails imply the inevitable use of a unique method.  

Unusual tails 

When a distribution is close to a normal one, the expected shortfall is a good approach because of the 
condensed distribution around the VaR. Nevertheless, one could imagine a distribution with a peak in 
the tail such as the chart beneath. In this case, the density distribution makes us think if a return is beyond 
the VaR, this return has more chances to be near the mathematical expectation of the peak. If we compute 
the expected shortfall, the value estimated could be less than this mathematical expectation which means 
one may underestimate the loss. 
This example highlights the limit of the expected shortfall method. Indeed, in some cases, it would 
clearly underestimate the loss of a return. In order to overcome this limit, we propose to adopt a threshold 
approach to determine when the expected shortfall should be used. 

A threshold approach 

We pointed out the fact the expected shortfall could underestimate the loss. In this case, we advise to 
use a more conservative approach, which means using a 99.9% VaR. Nevertheless, when we concentrate 
on the distribution tail beyond the VaR the expected shortfall must be measured in order to choose 
between a more conservative VaR and the expected shortfall method. The choice is based on thresholds 
set up by the bank’s cover strategy. 
We have to take into account the tail of the returns distribution where one would face two scenarios: 

– A peak in the tail distribution, 
– Or a fat tail. 

A peak in the tail 

If the tail distribution, after a 99% estimated VaR, includes a “peak”, one may calculate the difference 
between the mean of the peak in the tail and the expected shortfall, as the expected shortfall must 
underestimate the loss which is concentrated around the mean of the peak. A different threshold must 
be computed by the bank in order to choose between a more conservative VaR, if the difference is not 
so far in terms of loss, or to keep the same VaR, because a more conservative VaR would not cover the 
peak and in a matter of capital requirements a 99% quantile of the peak distribution would be extremely 
costly. The formula can be written as follows:  

𝐸𝐸𝐸𝐸1 = 1
∑ 𝟙𝟙{𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛𝑖𝑖<𝑉𝑉𝑉𝑉𝑅𝑅𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%}

252
𝑖𝑖=1

∑ 𝑙𝑙𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛𝑖𝑖𝟙𝟙{𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛𝑖𝑖<𝑉𝑉𝑉𝑉𝑅𝑅𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%}

252

𝑖𝑖=1
 

  

                                                      
15 Source: Beyond the VaR – Longin 2001. 
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A fat tail (without a peak) 

If one considers the tail distribution as fat, meaning fatter than the tail of a normal distribution, one may 
compute the expected shortfall and may measure the difference between the expected shortfall and the 
VaR. One may compute an indicator which would be defined as a ratio, the numerator would be the 
difference, and the estimated VaR as the denominator. The greater the ratio is, the more concentrated 
around the expected shortfall the losses are. Thus, a bank would need to define a threshold on the ratio 
in order to determine if the VaR spreadsheet estimator is conservative enough or if they have to use a 
more conservative VaR.  
The expected shortfall is more coherent than the actual VaR estimation nevertheless, the implementation 
and the Backtesting of this indicator is not as simple as for the actual VaR. Besides, it is more of a 
concern for credit risk and operational risk than for market risk (in general market distribution can be 
approximated with a normal distribution). The formula can be written as follows: 

𝐸𝐸𝐸𝐸2 = 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99.9% − 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%  

 Backtesting 

For the VaR purpose, the back-test exercise is important as it will allow financial institutions to compare 
profit and loss with the VaR estimation. The results of the Backtesting will assess if the methodology is 
really relevant to forecast the value-at-risk and if the financial institutions can still use it for the 
regulatory capital measurement. In the regulatory framework, one should estimate the 𝑉𝑉𝑉𝑉𝑉𝑉99% on 252 
trading days and compare the exceptions occurrences observed on the whole period and if the 
Backtesting results are not good, then the methodology should be reviewed.  
The Backtesting exercise consists in the observation of values above the VaR threshold, then the 
accurate values over the VaR threshold should highlight that the model is not good enough to catch the 
new modifications in the market trend. Technically, one will observe the number of times where the 
observed value of the price is above the VaR threshold (1, 2… N times), then the smaller the number is, 
the better the VaR estimation is. Moreover, if the values above the threshold are dependent from each 
other then it means that there is bias (a market relation in the extremes values) in the model because it 
is not able to include this new market trend as the values have not been forecasted. 
Different approaches are available for the Backtesting procedure and will not be developed in this 
document. The idea is to determine a correct limit of exceptions based on the number and the 
interdependency of the values. 
Thus, the main step is to count the values over the VaR threshold and defining a sensitive alert. The 
question is: Is the number of exceeding values higher than the probability16 of (1 − 𝐼𝐼𝐼𝐼𝑋𝑋%) * N? If yes, 
is it low enough to be acceptable or justifiable?  

– Illustration: with a probability of 1% (𝐼𝐼𝐼𝐼99%) and a time of observation horizon of 252 days then 
the number of VaR threshold above values is 2.5 then, if the VaR exceeds 2.5 days in the 
backtest the model is not good within some sensitivene threshold. 

– Threshold of alert: for example if the Backtesting reveals more than 10 exceptions (note that the 
threshold depends on the financial institution…) then the model should be reviewed. 

Some statistics methods allow identifying the gravity of the exceptions (not exhaustive): 
– Traffic light approach: the cumulative probability to have exceptions with a good model; 
– The Kupiec test: estimation of the exceptions significance with the confidence level (number of 

values above the threshold). 
The main constraint in the Backtesting exercise is the data availability for each financial instrument with 
a good quality and filling as the daily pricings are requested for each instrument for at least 252 trading 
days (i.e. one year of observation for robust results). Besides, the implementation can be complicated 

                                                      
16 Cf. The assumption of the actual VaR model 
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and long as the estimation has to be done frequently (at least, once per week). Nevertheless, this 
exercise is vital if one wants to attend to an internal model regulatory process. 
4. The historical Value-at-Risk method 

The historical VaR simulation is a non-parametric method and represents the simplest and most used 
way to compute it. It computes historical returns that have occurred in each period and identifies the 
threshold of the distribution depending of a specific confidence level (usually 99%).  

 Presentation of historical VaR methodology 

The historical VaR simulation re-evaluates a portfolio using actual values for risk factors taken from 
historical data. It consists of going back in time and re-pricing the current position(s) using the past 
historical prices and then estimating the historical prices which will allow estimating the return of the 
spot. Thus, based on the returns distribution the VaR can be deduced within a specific threshold of the 
distribution. 

 Presentation of historical VaR estimation framework 

4.2.1. Hypothesis of the historical VaR estimation 

The estimation of the Historical VaR is based on some financials and technical hypotheses: 
– the historical VaR is determined by the actual price movements so there is no assumption of 

normality distribution; 
– each day in the time series carries an equal weight; 
– the future is a repetition of the past events and can be modelled through them. 

In the following figure is presented an illustration of the historical CAC40 distribution which allows to 
highlight the worst period of returns (Cf. Left tail of the distribution). 

Figure 3 CAC40 distribution of daily returns over the last five years trading days 
sorted by returns 

 

Note that: 
– The worst 5% scenarios are highlighted in black. 
– The left tail of the distribution (in black) reveals the worst 5% of daily return observed in the 

whole period of observation (the worst loss); 
– To summarize, the aim of the VaR estimation will be to estimate the probability in the next 

specific days to be over a threshold of loss (based on the confidence interval of the distribution) 
which obviously will be in the left tail for this specific example.  
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4.2.2. Advantages and Limits of Historical VaR 

In the following table is presented the advantages and limits of this estimation. The limits are based on 
the prerequisite hypotheses presented in the previous section. 

Advantages Limits 

– Simple to implement if historical data on 
risk factors have been collected in-house 

– No need to estimate the volatilities and 
correlations between the various assets 

– The “fat tails” of the distribution and 
other extreme events are captured as 
long as they are contained in the dataset 

– It is not exposed to model risks 
– Can be used for non-linear financial 

instruments 

– Needs the relevant historical data 
– Backwards looking and cannot anticipate 

shift in volatility 
– VaR computation differs according to the 

time series selected 
– Recent price movements are equally 

weighted than far past price movements 
– Only efficient in normal market 

conditions 
– The sample may contain events that will 

not reappear in the future. Otherwise the 
past may not reflect future scenarios 

4.2.3. Main steps of the historical VaR estimation 

The main advantage of the historical VaR estimation is the easy steps to follow to be estimated. This 
section thus presents the different steps to apply (as done in the VaR spreadsheet estimator). Note that 
some pre-requisite information are necessary. 

Step 0: Pre-requisite information 

This step aims to fill pre-requisite information (data, parameters). One should understand the underlying 
information before computing the VaR: 

– Historical prices are based on a minimum of 252 trading days (one year of observation) until 
1008 days (four years of observation) or more 

o The deeper the historical is, the better the estimation is. 
o Ideally the historical data should contain a crisis period (where the losses are worst). 

– User specific horizon (expressed in trading days) 
o By default the estimation will forecast the VaR at 1, 10 & 252 days but users can add a 

specific horizon above the maturity of information. 
The following parameters are not directly used in the VaR estimation but remain necessary to compute 
the call estimation: 

– Volatility of the spot 
– Strike Price of the call 
– Cost of carry (b) 
– Maturity (expressed in trading days) 
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Figure 4 Screenshot of the spreadsheet tool 

 

At the end of this step one has the whole parameters and data filled to proceed to the VaR 
estimation process on the whole data period. 

Step 1: Historical returns and log-returns estimation 

The first step is to estimate the values of the spots & call at each period and thus to deduce the log-
returns (using the arithmetic return). 
The VaR estimation will be based on the call estimation covering the maturity of the spots period (252 
days…). A complementary estimation is done based on the spots estimation covering the whole 
historical data period. 
Returns based on the calls: 

– Estimation of the call for each day of the spot maturity period: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶t = 𝑆𝑆0 e(b−r0)  × 𝑁𝑁(𝑑𝑑1) − Xe(−r0×(T−t))  × 𝑁𝑁(𝑑𝑑2) 
With: 

o 𝑏𝑏: the user cost of transaction % information 
o 𝑆𝑆0 is the initial price (i.e. when t=0 the last one) 
o 𝑟𝑟0 is the initial interest rate (i.e. when t=0 the last one) 
o X: strike price of the call 
o 𝑇𝑇 is the maturity of the option in year. 

o 𝑑𝑑1 =
ln(𝑆𝑆0

𝑋𝑋 )+(𝑟𝑟0+𝜎𝜎2
2 )×(𝑇𝑇−𝑡𝑡)

𝜎𝜎√𝑇𝑇−𝑡𝑡  

o 𝑑𝑑2 = 𝑑𝑑1 − 𝜎𝜎√𝑇𝑇 − 𝑡𝑡 
o 𝜎𝜎 is the user estimation of the spot volatility 

– Thus, the log-return of the calls is estimated based on the calls value for each day of the spot 
maturity period (previous days): 

o 𝐿𝐿𝐿𝐿𝐿𝐿 𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑛𝑛+1 = ln (𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑛𝑛 ) − ln (𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑛𝑛+1) 
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Returns based on the spots: 
– The returns are estimated for each previous period (n days of observation): 

o 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑛𝑛+1 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑛𝑛−𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑛𝑛+1
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑛𝑛+1

 

o 𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑛𝑛+1 = 𝑆𝑆0  × (1 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑛𝑛+1) 
 𝑆𝑆0 is the current value  

– Thus, the log-return of the spots is estimated based on the spot value (previous days): 
o 𝐿𝐿𝑆𝑆𝐿𝐿 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑛𝑛+1 = ln (𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑛𝑛 ) − ln (𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑛𝑛+1) 

At the end of this step one has the log returns distribution. The following step is to order the 
distribution for the VaR estimation. 

Step 2: Sorted log-returns and confidence interval process 

This step consists in sorting log returns and identifying the Call log-return values at the threshold: ICX% 

(X%: 99%, 97.5%, 95% or 99.9%) to estimate the VaR at one day. 
In fact, the sorted log returns allow the assessment of the log-returns distribution. Thus the VaR 
calculation is the X% quantile of the distribution, which one can determine as follows: 

𝑉𝑉𝑉𝑉𝑅𝑅1 𝑑𝑑𝑑𝑑𝑑𝑑,𝑋𝑋% = (1 − 𝑋𝑋%) × 𝐻𝐻 (1) 

Where 𝐻𝐻 is the number of trading days: 
Illustrations: 

– 𝑉𝑉𝑉𝑉𝑅𝑅𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% =  𝑉𝑉𝑉𝑉𝑅𝑅1 𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% × √𝑁𝑁  

– 𝑉𝑉𝑉𝑉𝑅𝑅10 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99% =  𝑉𝑉𝑉𝑉𝑅𝑅1 𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99% × √10 
At the end of this step one has the VaR estimated within different time horizons and confidence 
levels. 

Step 3: Estimation of the VaR amount 

The VaR amount is the maximum amount of loss with a probability of 1-X% to go up this threshold 
after N days. This amount is deduced from the Spot or call observed within the interval of 
𝑉𝑉𝑉𝑉𝑅𝑅𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% (1) distribution. 
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Figure 5 Screenshot of the spreadsheet tool results 

 

Note that: 
– The estimations filled in the grey cells of the table are based on the spots maturity period i.e. 

One year for this illustration where the returns of calls are estimated; 
– Otherwise, the estimation is based on the whole available data period i.e. Four years for this 

illustration where the returns of spots are estimated; 
– The last estimation is based on the user horizon i.e. 10 days for this illustration (brown cells). 

At the end of this step one has the VaR amount estimation within different time horizons and 
confidence levels. Meaning the amount with a probability of 1-X% to not be exceeded in the 
following N days. 

Step 4: Estimation of the stressed VaR17 

The aim of the stressed VaR estimation is to provide a more conservative estimation of the VaR to be 
reliable with the possible shock in the market (crisis etc.) thus, the worst period is used to compute the 
estimation (keep in mind that the regulatory request is a confidence level at 99% and a time horizon of 
10 days). Besides, within the regulation, financial institutions have to justify the choice of this period 
and obviously to prove the relevance of the approach prudency. 
The estimation of the stressed VaR is based on the worst 252 trading days (1 year) of the Spot log-
return:  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑝𝑝𝑆𝑆𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝 ∶ 𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗=1
𝑃𝑃 (∑ Spots log _𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟252

𝑖𝑖=1 𝑖𝑖
252 ), 

                                                      
17 Cf. Section 3.3.2 
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This indicator is an easy one to identify the worst period but other methods can obviously be used. 
– I=1 to 252 days to obtain the cumulative period of observation, this period is used to be 

compliant with the regulatory exigencies; 
– The Spot is used in order to cover a large scope of data (not only based on the maturity) for a 

better estimation; 
– p, number of observation days (ex: 1008 days for 4 years of historical data). 

Figure 6 Screenshot of the spreadsheet tool results 

 

Note that: 
– The estimation is only done for the maturity period (252 days for this illustration); 
– The last estimation is based on the user horizon i.e. 10 days for this illustration (brown cells). 

At the end of this step one has the VaR estimate for stress-test regulatory request. 

Step 5: Estimation of the expected shortfall18 

The aim of the expected shortfall is to provide a more conservative estimation of the VaR to be reliable 
with the possible shocks in the market (crisis etc.). The expected shortfall can be estimated in two 
different ways: 

– 𝐸𝐸𝐸𝐸1 = ∑ log _𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟252
𝑖𝑖=1 𝑖𝑖 

252  method to use when there is a peak observed in the tail distribution 
(above the VaR), 

– 𝐸𝐸𝐸𝐸2 = 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99.9% − 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99%, method to use when there is a fat tail observed in 
the tail distribution (above the VaR). 

Figure 7 Screenshot of the spreadsheet tool results 

 

Note that: 
– The estimations filled in the grey cells of the table are based on the spots maturity period i.e. 

One year for this illustration where the returns of calls are estimated; 
– Otherwise, the estimation is based on the whole available data period i.e. Four years for this 

illustration where the returns of spots are estimated; 
– The last estimation is based on the user horizon i.e. 10 days for this illustration (brown cells). 

At the end of this step one has the maximal loss estimate for the prudential VaR estimation. 
  

                                                      
18 Cf. Section 3.2.3 
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5. The Variance/Covariance Value-at-Risk method 

The variance/covariance VaR is a parametric approach as it assumes that returns follow a Normal 
distribution N(µ,σ²). This is the most straightforward method19 to compute the VaR.  

 Presentation of Variance/Covariance VaR estimation methodology 

The methodology depends of the call distribution supposed normally distributed. Thus, the first step is 
to estimate the call value for the whole period implying the market variation information. Thus, it will 
be necessary to determine the volatility of the spots distribution (price & interest) in order to adjust the 
spot value before estimating the call (to determine the scale factor). Two approaches can be seized to 
adjust the financial product: a change in price (ex: equity price) or a change of an underlying parameter 
(ex: volatility, currency, interest-rate, credit spread…). 

 Presentation of Variance/Covariance VaR estimation framework 

5.2.1. Hypothesis of the Variance/Covariance VaR estimation 

The parametric VaR is the Standard Deviation (SD) of the distribution of the returns portfolio times the 
Scaling Factor (SF) related to the confidence level extracted from the Cumulative Normal Distribution 
(CND20) table. Extract of the CND table: 

– A 95% confidence level is equivalent to a scaling factor of 1.645;  
– A 99% confidence level is equivalent to a scaling factor of 2.33;  
– A 97.5% confidence level is equivalent to a scaling factor of 1.96; 
– A 99.9% confidence level is equivalent to a scaling factor of 3.09. 

5.2.2. Advantages and limits of the Variance/Covariance VaR estimation 

Advantages Limits 

– Simple to implement and fast to compute 
– Need to estimate (Standard Deviation) or 

volatilities and Mean return 
– Accurate for linear assets 

– Less accurate for non-linear assets 
– Does not reflect the negative skewness of 

the distribution 
– Not recommended for long-horizons, for 

portfolios with many options, or for assets 
with skewed distributions 

5.2.3. Main steps of the variance-covariance VaR estimation 

Step 0: Pre-requisite information 

This step aims to fill pre-requisite information (data, parameters). One should understand the underlying 
information before computing the VaR: 

– Historical prices based on a minimum of 252 trading days (one year of observation) or 1008 
days (four years of observation) 

o The deeper the historical is, the better the estimation is. 
o Ideally the historical data should contain a crisis period (where the losses are worst). 

– User specific horizon (expressed in trading days) 

                                                      
19 In 1996, RiskMetrics developed by JPMorgan derived directly from this theory based on portfolio Mean and Standard 
Deviation. 
20 Cf. Appendix: Cumulative normal distribution table 
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o By default the estimation will forecast the VaR at 1, 10 & 252 days but users can add a 
specific horizon above the maturity of information. 

The following parameters are not directly used in the VaR estimation but remain necessary to compute 
the call estimation: 

– Volatility of the spot 
– Strike Price of the call 
– Cost of carry (b) 
– Maturity (expressed in trading days) 

Figure 8 Screenshot of the spreadsheet tool 

 

At the end of this step one has the whole parameters and data filled to proceed to the VaR 
estimation on the whole data period. 

Step 1: Volatility of the price and the interest rates 

This step aims to estimate the volatility of both returns of the spot and returns of interest rates useful for 
adjusting the Spot S’ and the interest rate r’ estimations to be used in the call formula.  

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶t = 𝑆𝑆′0 e(b−𝑟𝑟′0)  × 𝑁𝑁(𝑑𝑑1) − Xe(−𝑟𝑟′0×(T−t))  × 𝑁𝑁(𝑑𝑑2) (Step 2) 
Spot adjustment price (S’) & interest rate r’ for the call values estimation 
Firstly, one should calculate the adjustment of both spot S’ and interest rate r’ to apply when estimating 
the call (Step 2) for each period. 

𝑆𝑆′ = 𝑆𝑆0 × (1 + 𝐹𝐹𝐶𝐶𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆′) 
With 𝐹𝐹𝐶𝐶𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆′ = −𝑆𝑆𝐹𝐹 × 𝑉𝑉𝐹𝐹𝐶𝐶𝐶𝐶𝐹𝐹𝑉𝑉𝐶𝐶𝑉𝑉𝐹𝐹𝑉𝑉𝑆𝑆′ 

– 𝑆𝑆𝐹𝐹 =  𝑁𝑁𝐹𝐹𝐹𝐹𝑁𝑁. 𝑑𝑑𝑉𝑉𝑑𝑑𝐹𝐹−1(𝐼𝐼𝐶𝐶𝑋𝑋%),  
o Example21: SF=2.33 for the 𝐼𝐼𝐶𝐶99% 

– 𝑉𝑉𝐹𝐹𝐶𝐶𝐶𝐶𝐹𝐹𝑉𝑉𝐶𝐶𝑉𝑉𝐹𝐹𝑉𝑉𝑆𝑆′, volatility of the prices returns distribution in the period. 

𝐹𝐹′ = 𝐹𝐹0 × (1 + 𝐹𝐹𝐶𝐶𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑟𝑟′) 
                                                      
21 Cf. Appendix 1: Cumulative normal distribution table 
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With 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑟𝑟′ = −𝑆𝑆𝐹𝐹 × 𝑉𝑉𝐹𝐹𝑉𝑉𝐹𝐹𝐹𝐹𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝑟𝑟′  
– 𝑆𝑆𝐹𝐹 =  𝑁𝑁𝐹𝐹𝐹𝐹𝑁𝑁. 𝑑𝑑𝑉𝑉𝑑𝑑𝐹𝐹−1(𝐼𝐼𝐼𝐼𝑋𝑋%),  

o Example: SF=2.33 for the 𝐼𝐼𝐼𝐼99% 
– 𝑉𝑉𝐹𝐹𝑉𝑉𝐹𝐹𝐹𝐹𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝑟𝑟′ , volatility of the interest rates returns distribution in the period. 

As the volatility is not directly measurable in the market one should estimate this parameter. This 
parameter is a driver of the parametric method since it will be used to forecast the call values (1) and 
should include the market changes within the prices and the interest rate22 forecasting. 
The best measure estimation of the volatility is the one that calculates the dispersion of values from the 
distribution of returns i.e. the variance. From there, calculating the standard deviation (square root of 
the variance) allows us to come forth with the following statement: in a normal distribution, for example, 
the largest possible movement from average with 99% certainty is 2.33 x Standard deviation which is 
VaR. This level can then be adjusted depending on the volatility assumptions and the user preference or 
requirements. 
Other quantitative methods can be developed for some instruments with high volatility e.g. methods 
such as GARCH diffusion, EWMA from the Risk Metrics framework, geometric models, realized 
volatility or realized co-volatility. 
The main challenge of the estimation will be to use a robust and realistic parameter to overcome the 
uncertainty of the market data when estimating the call value, especially for products with naturally high 
volatility of the underlying asset, where the trend of volatility itself can fluctuate in time. And also the 
volatility should include the multiple asset correlation effect in case of diversified portfolio. Those 
methods are not developed in this document. 
In the VaR estimator spreadsheet an approximation by the observed standard deviation is used to 
estimate the volatility of the returns of spot / interest rates distributions on the period. The underlying 
assumptions is that the depth of the historical data is sufficient. 

Step 2: Estimation of the call  

This step aims to calculate the call values on the whole period. The call is estimated on adjusted values 
S’ & r’. Illustration with the adjusted parameters based on the Black & Scholes pricing model: for each 
day of the spot maturity period: 

𝐼𝐼𝐹𝐹𝑉𝑉𝑉𝑉t = 𝑆𝑆′0 e(b−𝑟𝑟′0)  × 𝑁𝑁(𝑑𝑑1) − Xe(−𝑟𝑟′0×(T−t))  × 𝑁𝑁(𝑑𝑑2) 
With: 

– b: the user cost of transaction % information 
– S’0 is the initial adjusted price (i.e. when t=0 the last one) 
– R’0 is the initial adjusted interest rate (i.e. when t=0 the last one) 
– X: strike price of the call 
– 𝑇𝑇 is the maturity of the option 

– 𝑑𝑑1 =
ln(𝑆𝑆′0

𝑋𝑋 )+(𝑟𝑟′0+𝜎𝜎2
2 )×(𝑇𝑇−𝑡𝑡)

𝜎𝜎√𝑇𝑇−𝑡𝑡  

– 𝑑𝑑2 = 𝑑𝑑1 − 𝜎𝜎√𝑇𝑇 − 𝐹𝐹 
– 𝜎𝜎 is the user estimation of the spot volatility. 

At the end of this step one has the call values on the maturity period to proceed to the estimation 
of the VaR. 
  

                                                      
22 Cf. Appendix 2: Returns distribution for an illustration of prices and interest rates returns distribution 
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Step 3: VaR estimation  

The standard deviation of the distribution can be defined as follows: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑆𝑆𝑑𝑑𝑑𝑑𝑑𝑑𝑆𝑆𝑆𝑆𝑑𝑑𝑑𝑑𝑆𝑆: 𝜎𝜎 = (
∑ (Z𝑚𝑚

𝑖𝑖=1 𝑖𝑖 − �̅�𝑍)2

𝑚𝑚 − 1 )
1/2

 

With: 
– 𝑍𝑍𝑖𝑖, the returns of spot / interest rates variations in time i 
– m the number of days 
– �̅�𝑍, the average of the returns of spot / interest rates variations during the m days 

From this variance can be calculated the standard deviation equal to the square root of the variance. 
Then we can calculate the: 𝑉𝑉𝑆𝑆𝑉𝑉 = (−2.33 × 𝜎𝜎 × √𝑁𝑁) with a confidence level of 99% on an N-days 
time horizon. 
To apply this VaR to your portfolio use the formula: 

𝑉𝑉𝑆𝑆𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃 = (−2.33 × 𝜎𝜎 × 𝑃𝑃𝑑𝑑𝑆𝑆𝑆𝑆𝑃𝑃𝑑𝑑𝑃𝑃𝑑𝑑𝑑𝑑𝑉𝑉𝑆𝑆𝑃𝑃𝑃𝑃𝑑𝑑 × √𝑁𝑁) 

For a 99% Confidence-interval on an N-days time horizon, in order to compute this for other confidence 
levels use the other factors available in 6.2.1. 
At the end of this step one has the VaR estimation within different horizons and confidence levels. 

Figure 9 Screenshot of the spreadsheet tool results 

 

Note that: 
– The estimations filled in the grey cells of the table are based on the spots maturity period i.e. 

One year for this illustration where the returns of calls are estimated; 
– Otherwise, the estimation is based on the whole available data period i.e. Four years for this 

illustration where the returns of spots are estimated; 
– The last estimation is based on the user horizon i.e. 15 for this illustration (brown cells). 

 

 

VaR 1 day VaR 10 days VaR 252 days VaR 10 days
252

1008
252

1008
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1008
252

1008
99.90% 3.09

Confidence Level Quantile Historical Data (in trading 
days)

99.00% 2.33

97.50% 1.96

95.00% 1.64

VaR Amount 
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6. The Monte-Carlo VaR method 

The Monte Carlo (MC) approach is the purest approach to estimate VaR as it is a forward looking 
approach based on simulations. “The Monte Carlo simulation methods approximate a probability 
distribution of the behaviour of financial prices by using computer simulations to generate random prices 
paths or Brownian motion”.23 

 Presentation of the Monte Carlo VaR estimation methodology 

“The MC simulation generates, through four steps, random variables from a defined probability 
distribution. The random simulation is repeated a large number of times to create simulations of 
portfolio values and this distribution is used to compute the VaR24”. The Monte Carlo simulation was 
proposed in the context of options valuations. 

 Presentation of Monte Carlo VaR estimation framework 

6.2.1. Hypothesis of the Monte Carlo VaR estimation 

The Monte-Carlo estimation is a looking forward estimation which provides robust results if a deep 
historic is used and a sufficient number of simulations.  

6.2.2. Advantages and limits of the Monte Carlo VaR estimation 

Advantages Limits 

– Simple to implement 
– Powerful tools in Risk Management 

because of its flexibility 
– Looking forward approach 
– Fits when the underlying variable as well 

as the derivative follow a random 
methodology process 

– Computer intensive to run the number of 
simulations 

– Time consuming process 
– Model risk or risk of pre-specified 

distributions are not correct 
– Efficiency is inversely proportional to the 

square root of the numbers of trials 

 

6.2.3. Main steps of the Monte Carlo VaR estimation 

Step 0: Pre-requisite information 

This step aims to fill pre-requisite information (data, parameters). One should understand the underlying 
information before computing the VaR: 

– Historical prices based on a minimum of 252 trading days (one year of observation) or 1008 
days (four years of observation) 

o The deeper the historical is, the better the estimation is. 
o Ideally the historical data should contain a crisis period (where the losses are worst). 

– User specific horizon (expressed in trading days) 
o By default the estimation will forecast the VaR at 1, 10 & 252 days but users can add a 

specific horizon above the maturity of information. 
  

                                                      
23 Value-at-Risk – Philippe Jorion – page 307 
24 Financial Risk Management Book 1- version 1- Topic 23 – page 377 
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Other parameters are not directly used in the VaR estimation but remain necessary to simulate the calls 
and the interest rates: 

– Volatility of the spot 
– Strike Price of the call 
– Maturity (expressed in trading days)  
– Number of simulations for the spots and the interest rates 
– Volatility etc. 

Figure 10 Screenshot of the spreadsheet tool 

 

At the end of this step one has the information requested for the estimations. 
 

Step 1: Simulation of the rates and spot  

In order to simulate relevant VaR, Geometric Brownian Motion, Vasicek or Cox-Ingersson-Ross 
methods can be used to estimate both interest-rate and the adjusted closing price variation in the whole 
period but note that: 

– the number of simulations ran should be over 100; 
– the historical data should cover at least 1 year of observation; 
– by default, the Cox-Ingersoll-Ross (CIR) method is used in the spreadsheet form. 

Presentation of the parameters  

– dSt= µt Sdt+ σt St dz. 
– St: Asset price. 
– dSt: infinitesimally small price changes. 
– µt: constant instantaneous drift term. 
– σt: constant instantaneous volatility. 
– dz: is a random variable distributed normally with a Mean equal to zero and Variance dt. 
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1. The Geometric Brownian Motion model 
The GBM for financial markets are used in the Black and Scholes process to price an option. In the 
GBM, assets have continuously price driven random moving processes. 
The price of the underlying interest rate is given using the GBM formula: 

𝑑𝑑𝑟𝑟𝑡𝑡
𝑟𝑟𝑡𝑡

= 𝜇𝜇𝜇𝜇𝜇𝜇 + 𝜎𝜎𝜇𝜇𝑊𝑊𝑡𝑡. 

– µ = the term of drift or trend (tendency) 
– σ = diffusion parameter 
– Wt: Stochastic variable, consequently its infinitesimal increment dw represents the source of 

uncertainty in the price history of the underlying interest rate 
– σ²= instantaneous variance  

𝑟𝑟𝑡𝑡 = 𝑟𝑟𝑡𝑡−1𝑒𝑒(𝜇𝜇−𝜎𝜎2
2 )𝑑𝑑𝑡𝑡+𝜖𝜖𝜖𝜖√𝑑𝑑𝑡𝑡 𝑎𝑎𝑎𝑎𝑒𝑒𝑎𝑎 𝜖𝜖 ∼  𝑁𝑁(0,1), 𝜖𝜖 = 𝑁𝑁−1(𝑥𝑥). 

2. The Vasicek model 
“The Vasicek model is a mathematical model describing the evolution of interest rates. This “one-factor 
model” describes the interest rate movements as driven by one source of market risk”25: 

𝑑𝑑𝑟𝑟𝑡𝑡
𝑟𝑟𝑡𝑡 = 𝑎𝑎(𝑏𝑏 − 𝑟𝑟𝑡𝑡)𝜇𝜇𝜇𝜇 + 𝜎𝜎√𝜇𝜇𝜇𝜇  𝜖𝜖. 

– σ: standard deviation, determines the volatility of interest rates 
– b: long term mean level 
– a: speed of reversion 
– In our VaR spreadsheet estimator, we have implemented the Euler version of discretization of 

the model: 

𝑟𝑟𝑡𝑡+Δ𝑡𝑡 = 𝑎𝑎(𝑏𝑏 − 𝑟𝑟𝑡𝑡)Δt + 𝜎𝜎 √Δ𝜇𝜇 𝜖𝜖𝑡𝑡+Δ𝑡𝑡 + 𝑟𝑟𝑡𝑡. 

3. The Cox-Ingersoll-Ross model 
The Cox-Ingersoll-Ross (CIR) model specifies that instantaneous interest rates follow the stochastic 
equation. 
The CIR model is a one-factor model of interest rates dynamics driven by short-term rates drt: 

𝑑𝑑𝑟𝑟𝑡𝑡
𝑟𝑟𝑡𝑡

= 𝑎𝑎(𝑏𝑏 − 𝑟𝑟𝑡𝑡)𝜇𝜇𝜇𝜇 + 𝜎𝜎√𝜇𝜇𝜇𝜇𝜖𝜖√𝑟𝑟𝑡𝑡. 

The drift factor defined as a(b-rt) is exactly the same as in the Vacisek model. 
The SD factor σ √(dt) avoids the possibilities of negative interest rates for all positive values of a and b. 
This model usually provides a good fit for US short-term rates. 
In our VaR spreadsheet estimator, we have implemented the Euler discretization equation: 

𝑟𝑟𝑡𝑡+Δ𝑡𝑡 = 𝑎𝑎(𝑏𝑏 − 𝑟𝑟𝑡𝑡)Δ𝜇𝜇 + 𝜎𝜎√Δ𝜇𝜇𝜖𝜖𝑡𝑡+Δ𝑡𝑡√𝑟𝑟𝑡𝑡 + 𝑟𝑟𝑡𝑡. 

At the end of this step one has the whole distribution of the simulated interest rate to allow 
estimating the call and then the return values on the whole period. 

                                                      
25 Options, Futures and Other Derivatives, John Hull (2003) 
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Step 2: Estimation of the call and the returns distributions  

This step aims to calculate the call values based on the simulated spot using the simulated interest rate.  

Spotsimulated,t+Δt = St. e[(rsimulated − σ
2

2 ) × Δt+σ√Δt.ε] 

With: 
– St is the spot value of the asset in the period t 
– rsimulated is the interest rate simulated (Cf. Step 1) 
– X: strike price of the call 
– σ is the user estimation of the spot volatility 
– ε, the random normal distribution indicator 
– Δt the simulated path  

The simulated spot is used to estimate for each period (t) the call value and then the return of the call as 
follows: 

– Callt = Spotsimulated,t − strike  

– Returnt = Call t−Call t−1
Call t

 

At the end of this step one has the whole distribution of the returns of the call to be used for the 
VaR estimation. 
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Step 3: Estimation of the VaR 

This step consists in sorting log returns and identifying the Call log-return values at the threshold 
𝐼𝐼𝐼𝐼𝑋𝑋%(99%, 97.5%, 95% or 99.9%) to estimate the VaR for one day. Then the VaR in other horizons can 
be estimated as follows: 

𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% = 𝑉𝑉𝑉𝑉𝑉𝑉1 𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% × √𝑁𝑁  
Illustrations 

– 𝑉𝑉𝑉𝑉𝑉𝑉1 𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% = (1 − 𝐼𝐼𝐼𝐼𝑋𝑋%) × √𝑚𝑚, where m is the number of trading days 

– 𝑉𝑉𝑉𝑉𝑉𝑉𝑁𝑁 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% =  𝑉𝑉𝑉𝑉𝑉𝑉1 𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼𝑋𝑋% × √𝑁𝑁  

– 𝑉𝑉𝑉𝑉𝑉𝑉10 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99% =  𝑉𝑉𝑉𝑉𝑉𝑉1 𝑑𝑑𝑑𝑑𝑑𝑑,𝐼𝐼𝐼𝐼99% × √10 
At the end of this step one has the VaR estimated within different time horizons and confidence 
levels. 

Figure 13 Screenshot of the spreadsheet tool results 
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Conclusion 

 
All stakeholders directly or indirectly linked with a financial institution widely use risk management 
Value-at-Risk to know how to deal with uncertain event. The elegance of VaR is that it summarizes in 
a unique number the following statement: “I am X percent certain there will not be a loss more than an 
amount of euros or % of my asset under management in the next n days.” 
In the Basel III regulation, VaR should meet two objectives. The first one is an indicator to control risk 
taken by the institution and the second one is to calculate capital requirement to cover unexpected losses. 
Nevertheless, this single number providing an estimated level of risks, needs to be completed with more 
analysis to explain the results. VaR is just a quantitative level and does not provide information on 
qualitative consequences. As VaR provides conclusions in normal financial conditions, it could miss 
extreme scenarios. The recent financial history shows that VaR could not anticipate the Global Financial 
Crisis (GFC). Thus, financial institutions may under estimate the risk when considering only the VaR 
indicators. 
Unfortunately in the extreme scenarios or stress-tests scenarios losses could be massive. The main issue 
is that VaR gives an incomplete understanding of maximum possible losses, it just gives an alert. The 
99% losses included in VaR do not say anything about the size of the losses within 1% of the trading 
cases. The challenge for banks is now to have the best estimator of the unexpected loss such as the 
Expected Shortfall to forecast more precisely the potential maximal losses. But as the expected Shortfall 
is based on few observations the limits are revealed inside the estimator itself which should not be robust 
enough to reflect the market trend. And even if the estimator can be used as a robust one then the main 
question will be which statistical method is reliable to backtest this ES. This problematic can be the 
subject of a next dedicated whitepaper which will aim to test some statistical and pragmatic assumptions 
to provide a best estimation of the Expected shortfall. 
It is essential to complete the technical analysis provided by the VaR with an efficient framework, 
policies and governance of risk including committees, documentation, limits, backtests and guidelines. 
In deed and in addition to this governance, it is important to have a sound knowledge of risk exposure 
by the report of some risk drivers indicators to have a better understanding and estimation of potential 
losses. Indicators such as profit & losses, impacts on capital requirement, risk appetite, exposure 
indicators can be relevant to complete the information. Besides the Stress-tests and Expected Shortfalls 
analyses are also important in the regulatory framework as it allows to highlight uncertain but possible 
extremes events which can have huge impact on the capital requirement of the banks. 
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Appendix 1: Cumulative normal distribution table 

 

Figure: Scaling Factors extracted from the Cumulative normal distribution t able to 
apply to the volatility to monitor the VaR by the Variance -Covariance method. 
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Appendix 2: Returns distribution 
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Interest Rate Risk in the Banking Book | How to manage IRRBB considering 
the monetary policy and the new regulation? 

 
 
 
 
Abstract 

The past few years have seen central banks use unconventional tools to 
stimulate an economy that has kept on struggling since the 2008 crisis. In order 
to avoid deflation and other economic turmoil, the FED launched a massive 
bond-buying program called the Quantitative Easing (QE). After the 
American “experiment”, the ECB launched a similar program early march 
2015 as an emergency stimulus to a weakened economy. Such unconventional 
monetary policy has an impact on interest rates, and therefore, requires a 
closer monitoring of the Interest Rate Risk in the Banking Book (IRRBB). In 
such a context, this white paper focuses on understanding how current market 
conditions (low interest rates) can affect banks’ revenues and profitability 
while discussing and analyzing the impacts of any changes of the term 
structure of yield curves on the Net Interest Income. Additionally, as 
regulators are taking a closer look on how to capture (and cover) the IRRBB, 
this white paper provides a methodology for measuring the IRRBB and 
analyzes, via simulations on a  real portfolio, the impacts of interest rate moves 
on the Economic Value of Equity and the Earnings at Risk. 
 
 
 
 
 
 
 
 
 
 
 
Keywords: Interest Rate Risk in the Banking Book, Quantitative Easing, Monetary Policy, Economic 
Value of Equity (EVE), Earnings at Risk (EAR))  
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Introduction 

The past three years have seen central banks use massive bond-buying programs as an emergency 
stimulus to the economy. These unconventional (and somehow controversial) tools had a direct impact 
on the term structure of the yield curve. Consequently, interest rates fell drastically leading borrowing 
costs to touch all-time low across different jurisdictions. Inspired by the FED, the ECB launched a 
similar exercise in March 2015 which had similar effects on interest rates.  
Today, many economists, influencers and market participants raise a lot of questions on the 
consequences of a prolonged period of low interest rates and what could happen after rates rise. As a 
matter of fact, in the US, the FED announced late 2014 that it will ease-off its Quantitative Easing 
program. However, the FED is still on a “wait-and-see” mode as it hasn’t yet made any announcement 
to hike interest rates. In fact, rising interest rates would have an impact on banks’ revenue as well as on 
the value of assets and liabilities. Such a scenario, if not well understood and controlled, could lead to 
devastating consequences. As a matter of fact, an interest rate spike was one of a major factors of the 
Saving & Loans crisis in the 1980s. Therefore, the main question is: “Are banks ready for a return to a 
normal environment?”   
This context has led regulators to focus more closely on the Interest Rate Risk in the Banking Book. In 
fact, within the Basel II/Basel III framework, the IRRBB is covered under the pillar II. Banks are 
required to maintain a system in order to manage the IRRBB. Currently, BCBS is looking into a potential 
pillar I capital charge to cover the IRRBB which shows the interest in understanding and covering this 
type of risk and particularly in such a context. As a matter of fact, a consultative document has been 
issued on June 2015 discussing different options to manage the IRRBB (pillar I capital charge vs an 
enhanced pillar II approach). 
The purpose of this paper is to provide a better understanding of how the interest rate’s moves and shifts 
impact banks’ balance sheets and revenues. Its intent is to discuss how to measure the IRRBB and 
quantify its impact, whilst considering the latest BCBS orientations (as per the Consultative paper of 
June 2015). To do that, a methodology has been developed to measure and capture the IRRBB using 
metrics such as the Economic Value of Equity and the Earning at Risk. Simulations have been performed 
on a real bank’s balance sheet taking into consideration the characteristics of that bank (business model, 
behavioural models, etc.).  Finally, considering current market conditions, the objective of this paper is 
to analyse why the IRRBB is to become a major topic in the coming months. 
First, a closer look on current unconventional monetary policy is discussed. The rationale behind the 
Quantitative Easing is briefly presented in order to show why such measures have to be put in place by 
regulators. More importantly, the consequences of such programs are the focus of this part and are 
described into three main areas: QE & Volatility, QE & Asset Correlation and QE & Interest Rates. 
Second, a detailed analysis on the trends and dynamics of the Net Interest Income in comparison to the 
evolution of interest rates is presented. More precisely, understanding how the Net Interest Income (NII) 
evolves when the term structure of the yield curve is changed is the main focus of this second part. 
Consequently, the drivers that impact the NII (even in times of distress) are captured and presented 
allowing for a better anticipation of how the NII will evolve once the current market conditions will 
change (increase in interest rates, increase in volatility of interest rates, etc.). 
Third, a study is conducted on a real bank’s balance sheet with the intent to implement an Economic 
Value of Equity model and an Earnings at Risk model.  The purpose is to build a framework to measure 
the IRRBB while taking into account some guidelines as per the latest consultative paper of the BCBS 
on the topic. The final goal is to provide some insights on what would be a good measure for the IRRBB: 
the one based on the market value of assets and liabilities or the one based on revenues, or a combination 
of the two. 
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1. Quantitative Easing and impacts on the economy 

Over the past few years, and following a major economic downturn, the monetary policy has seen the 
use of some unconventional tools to stimulate the economy. Central banks across the US, Europe and 
Asia have been relying on the Quantitative Easing with the intent to spur economic growth, avoid 
deflation and relaunch the overall economy. If the mechanisms of QE are well known, its effects on the 
medium term need to be analyzed as they could have a direct impact on banks’ balance sheets and 
revenues on one side and on investors on the other. 

 How does the Quantitative Easing program work? 

Across jurisdictions, central banks might have different roles to play. However, one of the common 
goals is inflation targeting. In fact, when the economy is strong, central banks tend to higher short term 
interest rates in order to keep inflation under control. Conversely, when the economy is weak, central 
banks tend to lower short term interest rates, therefore reducing banks’ funding costs and encouraging 
loans origination. Since the 2008 financial crisis, and the economic downturn that followed, central 
banks tried to stimulate the economy via conventional tools such as lowering short-term interest rates. 

Figure 1 EU inflation rate vs. ECB main refinancing operations (from Q4 1998 to Q1 
2015) 

 

Despite lowering short-term interest rates, the inflation rate stayed low and the economic recovery 
remained fragile. As short-term interest rates reached near-zero levels, central banks went on 
experimenting other tools, though less traditional, in order to lower long-term interest rates. They relied 
on the Quantitative Easing as a monetary stimulus to impact the term structure of yield curves.  
Quantitative Easing refers to Large-Scale Asset Purchase program where long term government bonds 
are bought, at a massive scale, by central banks. This mechanism allows to inject money in the economy 
with the purpose of increasing private sector spending, sustaining growth and targeting inflation to levels 
set by central banks. The stimulus to the economy comes via different channels (in theory at least) and 
its effects come from different angles. 
The mechanism for funds transfer depends on who is selling the assets to the Central Bank. The seller 
could be a non-bank entity, generally pension funds, insurance company, firms, etc.). Central banks 
could also buy government bonds directly from banks. In the latter case, the mechanism for money 
injection is relatively straightforward. However, when the seller is a non-bank, the mechanism is more 
complex and its effects are different. The graph below shows how funds are transferred in case of non-
bank seller: 
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Figure 2 Fund transfer mechanism in the QE program 

 

In step 1, the central bank buys the asset from the seller. The money is transferred to the bank account 
of the seller via step 2 and step 3. In step 2, the central bank increases the seller’s bank reserve account 
which in turn credits the account of the seller (in step 3). Consequently, at the end of the operation, the 
seller’s bank holds an asset (reflecting the increase in the central bank reserves) and a liability (reflecting 
the money transfer to the seller or an increase in the seller’s deposits). This means that this mechanism 
will simultaneously increase central bank money (via central bank reserves) and the amount of 
commercial deposits. Technically, only the latter could be injected in the real economy via loan 
origination or via an increase in the private sector spending. 
There are multiple channels through which the electronic money generated through QE is injected in the 
real economy.  
First, as central banks buy massive quantity of bonds, their prices will automatically increase through 
supply and demand. The increase in asset prices will contribute to reducing the yield of these assets (as 
per the inverse relationship between prices and yield). As these assets are generally long term debts, the 
long term yield will be dragged down. The term structure of the yield curve is therefore modified 
generating a modification in the behavior of consumers and firms in the private sector. This modification 
comes into two ways: 
On the one hand, as interest rates decrease, the borrowing costs decrease as well, encouraging 
households and firms for more investments and spending in the real economy; 
On the other hand, the “wealth effect” should as well impact the behavior of households and firms. In 
fact, as interest rates decrease, the value of fixed income assets increase. As a result, individuals holding 
such assets will benefit from this wealth effect. Thus, non-debt instruments (such as equity and stock) 
will increase in value as well. In fact, investors looking for higher yields will turn to such instruments 
as bonds’ yields are low. 
Second, financial institutions should also benefit from QE. As explained earlier, financial institutions 
will see their commercial deposits increase. This new funding source (which, depending on the type of 
the counterparty, is considered to be more or less stable under the Liquidity Coverage Ratio framework) 
should lead to a higher lending capacity. More lending means more investments in the real economy 
through mortgage loans, consumer loans, etc. Central banks reserve increase as well giving the ability 
for banks to hold more high liquid assets which would serve for respecting regulatory constraints 
(liquidity buffer for the LCR) and business related concerns (allows banks to pay for their debts). 
Third, an aggressive monetary policy to fight deflation and to target inflation is a sign for 
financial markets that central banks will do whatever it takes to reach that target. This means 
that a long period of low interest rates is to be expected and that the stimulus will remain as 
long as it takes to boost the economy, increasing the level of confidence overall. 
The impacts of the QE are discussed into more details in the following paragraphs. 



© Global Research & Analytics Dept.| 2016 | All rights reserved 

  105 

 Quantitative Easing and asset correlation 

One of the beneficial effect of QE is the wealth effect where asset value increase with decreasing yields. 
Not only does the debt instruments value increases but the equity and stock increase as well. In fact, as 
the term structure of the yield curve changes with the QE, investors looking for higher yields would turn 
to stock markets. This portfolio rebalancing effect leads the stock value to increase. 

Figure 3 S&P 500 | Dow Jones – Evolution in conjunction with QE 

 

In the US, the QE periods are associated with an increase in stock markets levels. After three QE 
programs, stock markets hit all-time highs. In France, the same phenomenon is observed   on the CAC40 
index: 

Figure 4 CAC 40 – Evolution in conjunction with QE 

 

 
The CAC 40 index increased significantly since the hints and announcements on the ECB’s QE. The 
peaks of the index around the 20th of April are associated with the lowest levels of Eurobond yield curve 
on the period (on the 20th of April the 30-year maturity spot rate was at 0.52%). From early May 2015, 
a downward trend is observable on the CAC 40. This is due to technical stock-market correction, to the 
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uncertainty on the Greek crisis and on speculations around the normalization of the monetary policy in 
the US (hikes in interest rates). 
QE is then associated in a decrease of yields on bonds and an increase of the stock-market. Currently, 
multiple discussions in the US are being held about the impact of normalizing the monetary policy. One 
major concern is the stock-market crash following a hike in interest rates. If the stimulus has a positive 
point-in-time impact on the economy, it is still considered controversial because of its unpredictable 
impacts once stopped (other aspects of QE are being considered as controversial, such as increasing 
inequality, etc…). 

 Quantitative Easing, interest rates and financial institutions 

As discussed earlier, the QE has a direct impact on interest rates. Traditional monetary policy focuses 
on short term interest rates to drive inflation. However, sometimes, inflation and growth do not always 
respond accordingly. As a result, central banks try to lower long term interest rates via unconventional 
tools such as QE: 

Figure 5 EUROBOND – Yield Curve (02/03/2015 vs. 21/04/2015) 

 

Lowering interest rates is not always beneficial for financial institutions as it increases the Interest Rate 
Risk in the Banking Book. In fact, the maturity mismatch between assets and liabilities, coupled with 
mismatches in interest-related instruments (floating vs fixed interest rate instruments) make banks 
vulnerable to changes in interest rates. More importantly, the IRRBB is to be monitored closely, 
especially in such a context where interest rates will remain low on a prolonged period for two main 
reasons: 

– First, low yield long term assets will be originated (such as mortgage loans) and distributed by 
banks refinanced by shorter maturity liabilities. When interest rates rise, liabilities are impacted 
more quickly than assets due to the maturity mismatch which mechanically impacts the net 
interest income of financial institutions. The economic value of assets and liabilities is impacted 
as well; 

– Second,  banks’ funding are, in general, floating rate instruments whereas assets could be either 
fixed or floating rate instruments depending on the jurisdiction. In fact, in France, loans are set 
witha fixed rate (or floating rate with a cap) meaning that banks are exposed to interest rate risk. 
In other European countries (such as Spain) or the US, loans are set with a floating rate, meaning 
that the client assumes the interest rate risk. When interest rates rise, floating instruments are 
repriced with the floating rate index whereas fixed rate instruments remain as is. This is another 
major source of interest rates. 
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Consequently, current market conditions could have a beneficial point-in-time effect but QE increases 
the uncertainty on financial institutions in the medium term because of increasing the IRRBB when the 
stimulus stops and interest rates hike.  

 Quantitative Easing and volatility 

Another aspect of QE is the increasing volatility in the term structure of yield curves. Over the past few 
months, yield curves in Europe have been subject to changes downwards and upwards. 

Figure 6 EUROBOND – Yield Curve volatility 

 

Some argue that volatility is not a feature of QE but rather a bug. Nonetheless, more volatility on interest 
rates are to be expected as mentioned by Mario Draghi early June in his statement: “certainly one lesson 
is that we should get used to periods of higher volatility”. This volatility gives more sense to an IRRBB 
framework as it is designed to be “also reflective of measures of global interest rate volatility.”  

 Context and purpose of the white paper 

In times where Central banks have had pro-growth policies, pushing rates to record low, interest rate 
risk in the banking book has increased and fears have been expressed about what would happen when 
interest rate rise and if banks are ready for such hikes after a prolonged period of low interest rates. 
In this context, the purpose of this white paper is to discuss how interest rates affect the net interest 
income and therefore banks’ revenues. In fact, as a big part of banks’ revenues comes from interest rate 
activities, an analysis has been performed on historical data in order to understand how changes on the 
term structure of the yield curve affect net interest income. More importantly, the rationale behind this 
analysis is to provide a brief analysis on how net interest income would evolve knowing current market 
conditions. In other words, as rates have hit all-time low, how would the NII react once interest rates 
would rise?  
Besides, measuring the IRRBB is another topic of this paper. In fact, as discussions are on-going on 
how to measure the IRRBB and cover it (pillar I capital charge or not), a study has been performed in 
order to measure the IRRBB, the main purpose being to build models in order to project the IRRBB 
indicators and, based on different scenarios measure, the impact on the Economic Value of Equity and 
the Earnings at Risk.  
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2. Trends and dynamics of the Net Interest Margin 

The purpose of this section is to provide an analysis on the trends and dynamics of the Net Interest 
Margin. In fact, these trends are, in part at least, dictated by changes in interest rates and the yield curve. 
This sectionfocuses on how the changes in the term structure of the yield curve influence the net interest 
margin. Based on that relationship, the main objective is to anticipate how banks’ revenues could be 
impacted considering the exceptionally low levels of interest rates and how the net interest income could 
evolve if interest rates rise. 

 Historical evolution of Net Interest Margin in the US 

The first step of the analysis is to understand the historical evolution of the net interest margin (NIM). 
Because of data availability, the analysis has been performed on the US as the Federal Reserve provides 
the evolution of the NIM for all US Banks. 
In this dataset, the Net Interest Margin is computed as the following ratio: 

𝑁𝑁𝑁𝑁𝑁𝑁 =  𝑁𝑁𝑁𝑁𝑁𝑁 𝑁𝑁𝐼𝐼𝑁𝑁𝑁𝑁𝐼𝐼𝑁𝑁𝐼𝐼𝑁𝑁 𝑁𝑁𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑁𝑁 + 𝐴𝐴𝐼𝐼𝐼𝐼𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁𝐴𝐴 𝑁𝑁𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑁𝑁 𝑏𝑏𝑁𝑁𝑏𝑏𝐼𝐼𝐼𝐼𝑁𝑁 𝑁𝑁𝐴𝐴𝑡𝑡 ∗ 𝑁𝑁𝐴𝐴𝑡𝑡 𝐼𝐼𝐴𝐴𝑁𝑁𝑁𝑁
𝐸𝐸𝐴𝐴𝐼𝐼𝐼𝐼𝐴𝐴𝐼𝐼𝐸𝐸 𝐴𝐴𝐼𝐼𝐼𝐼𝑁𝑁𝑁𝑁𝐼𝐼  

For more information on how the series is computed, please refer to the Federal Reserve Economic 
Research data sets. 
The historical evolution of Net Interest Margin in the US, for all banks, is shown below: 

Figure 7 Net Interest Margin – All US banks (from 1984 to 2014) 

 

Over the long run, US NIM is being compressed with a decrease trend that has started since the early 
90’s. Margin compressions could be partly explained by changes in the structure of the balance sheets. 
In fact, financial institutions have been subject to multiple regulations that led to major changes in the 
structure and the composition of the balance sheet. Part of these changes can be explained by the 
Liquidity Coverage Ratio and the Net Stable Funding Ratio whereas banks are required to hold more 
liquid assets (bearing lower yields) and constitute pools of liabilities that are considered as a more stable 
funding (bearing higher funding costs). Plus, banks have led multiple deleveraging programs and asset 
swaps in order to clean the balance sheet. From a risk management point of view, this was definitely 
necessary but it contributed in compressing the NIM.  
Another important aspect is each US recession has been followed by a period of NIM volatility where 
the NIM increased significantly shortly after the crisis and then decreased afterwards. This phenomenon 
could be explained by the evolution of interest rates and the yield curve in the following section 
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 How changes in interest rates explain the evolution of the Net Interest 
Margin? 

2.2.1. Historical evolution of the US NIM in comparison to short and long term 
rates 

The purpose of this paragraph is to observe how the US NIM reacts when changes in short and long 
term interest rates occur. For that matter, the historical evolution of short term interest rates (US 3-month 
Libor) and long term interest rates (10-year T-bills) have been analyzed. 

Figure 8 Net Interest Margin vs. Interest rates – All US banks (from 1984 to 2014) 

 

As the graph above shows, the trend of the 10 year T-bill rate is decreasing since the late 80’s.  In a 
similar way, the long term trend of the Net Interest Margin is decreasing as well. Based on these 
observations, it seems that long-term rates and the long term trend of the NIM are indeed correlated. 
The relationship between the NIM and short-term rates is less straightforward. Even though short-term 
rates are decreasing, the curve shows a higher volatility that of long-term rates, with brutal downward 
and upward shifts. This pattern is interesting since it can hint a link with the evolution of NIM. For that 
matter, and by looking at the shaded area, the spread between short-term and long-term rates presents 
interesting features: higher level of spreads are associated with peaks in the NIM series. 
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Figure 9 Net Interest Margin vs. Spread (short vs. long rates) – All US banks (from 
1984 to 2014) 

 

As the graph above shows, the patterns in the spread (described by a hump shape) are associated with 
similar patterns in the NIM series in the same time window. Based on these observations, the short-term 
volatility of the NIM (described by the hump shapes) could be explained by the variation in the spread. 
Therefore, the technical analysis leads to establishing a relationship between the evolution of the NIM 
and the evolution of both short-term and long-term rates. The long-term trend of the NIM could be 
explained by long-term rates whereas, short-term volatility of the NIM could be explained by changes 
in the spread between short-term and long-term rates.  
In fact, there is an economic rationale behind these observations. Banks originate long-term loans funded 
by shorter maturity funding. This maturity transformation is one of the first contributors to banks’ 
revenues and hence the NIM. When long term rates decrease, revenues related to loans (such as 
mortgage loans) decrease which in turn impacts the NIM on the long run. The responsiveness of the 
NIM to changes in long term interest rates could be higher in the US then France for instance because 
of differences in business models. In the US, loans are originated at a floating rate whereas in France, 
in general, loans are originated at a fixed rate (floating rate loans are also applied at origination but they 
are generally associated with options that cap the levels of rates). Floating rates reflect, at the repricing 
date, the changes in interest rates whereas for fixed rate loans, changes are captured on the new 
production only (the stock left as is). Consequently, as long-term interest rates decrease on the long-run, 
the long term trend of the NIM follows a similar pattern.  
When the spread between short-term and long-term rates increases, the yield curve steepens. As a result, 
the difference between revenues generated on the interest-bearing assets and cost of funding (for 
interest-bearing liabilities) increases positively, which generates a positive effect on the NIM. As the 
spread increases (generally explained by a decrease in short term rates rather an increase in long-term 
rates as shown by the time series), the cost of funding decreases in comparison to revenues generated 
by assets, leading to an increase in the margin, and therefore the NIM. Consequently, the “short-term” 
volatility (described by the humps) of the NIM could be explained by the spread. 

2.2.2. Modelling the relationship between NIM and interest rates 

The purpose of this sectionis to build a model that explains the relationship between NIM and short-
term and long-term rates. Prior to that, some interesting features have been identified and are worth 
mentioning. It seems that a linear relationship might exist between NIM and long term interest rates: 
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Figure 10 NIM = f(long term rates) – All US banks (from 1984 to 2014) 

 

As the graph above shows, NIM and long term rates are linked linearly. As discussed earlier, the trend 
of the NIM is explained by long term interest rates. Mathematically, this can be written as follow: 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 =∝. 𝐿𝐿𝐿𝐿(𝑑𝑑) + 𝜀𝜀(𝑑𝑑) 

Where NIM refers to Net Interest Margin, LT to long-term rates, α is a constant and 𝜀𝜀 is a white noise. 
The white noise is a reflection of the error term, meaning that the relationship between NIM and LT is 
imperfect.  
By using partial derivatives, the equation can be written as: 

𝜕𝜕𝑑𝑑𝑑𝑑𝑑𝑑
𝜕𝜕𝐿𝐿𝐿𝐿 . 𝜕𝜕𝐿𝐿𝐿𝐿

𝜕𝜕𝑑𝑑 =∝. 𝐿𝐿𝐿𝐿(𝑑𝑑) + 𝜀𝜀(𝑑𝑑) 

As shown above, and based on the linear patterns identified, the term 𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕𝜕𝜕  is a constant. The equation 

to be solved is then: 

𝜕𝜕𝐿𝐿𝐿𝐿
𝜕𝜕𝑑𝑑 = 𝑎𝑎. 𝐿𝐿𝐿𝐿(𝑑𝑑) + 𝜀𝜀(𝑑𝑑) 

Where ‘a’ is a constant. 
By rewriting the equation, it can be written as follow: 

𝜕𝜕𝐿𝐿𝐿𝐿
𝜕𝜕𝑑𝑑 − 𝑎𝑎. 𝐿𝐿𝐿𝐿(𝑑𝑑) =  𝜀𝜀(𝑑𝑑) 

By multiplying the two sides of the equation by 𝑒𝑒−𝑎𝑎.𝑡𝑡 and by integrating the equation, we can write: 

∫ 𝑒𝑒−𝑎𝑎𝑡𝑡. (𝜕𝜕𝐿𝐿𝐿𝐿
𝜕𝜕𝑑𝑑 + 𝑎𝑎. 𝐿𝐿𝐿𝐿(𝑑𝑑)) 𝑑𝑑𝑑𝑑 =  ∫ 𝑒𝑒−𝑎𝑎𝑡𝑡.

𝑡𝑡

𝑠𝑠

𝑡𝑡

𝑠𝑠
𝜀𝜀(𝑑𝑑)𝑑𝑑𝑑𝑑 

The primitive of the left side of the equation is  

𝑒𝑒−𝑎𝑎𝑡𝑡. 𝐿𝐿𝐿𝐿(𝑑𝑑) 

Which means that, 

[𝑒𝑒−𝑎𝑎𝑡𝑡𝐿𝐿𝐿𝐿(𝑑𝑑)]𝑠𝑠
𝑡𝑡 = ∫ 𝑒𝑒−𝑎𝑎𝑡𝑡.

𝑡𝑡

𝑠𝑠
𝜕𝜕𝑊𝑊𝑡𝑡  
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Finally, LT(t) could be written as follows: 

𝐿𝐿𝐿𝐿(𝑡𝑡) =  𝐿𝐿𝐿𝐿(𝑠𝑠). 𝑒𝑒𝑎𝑎.(𝑡𝑡−𝑠𝑠) + ∫ 𝑒𝑒−𝑎𝑎𝑡𝑡.
𝑡𝑡

𝑠𝑠
𝜕𝜕𝑊𝑊𝑡𝑡 

Where W(t) is a Wiener process (because the integral of a white noise Gaussian process represents a 
Wiener process).  
The Generalized Wiener process is written as: 

∆𝑥𝑥 =  𝑑𝑑. ∆𝑡𝑡 + 𝑣𝑣. ∆𝑧𝑧 

Where d is the drift and v2 is the variance. 
And 

∆𝑧𝑧 =  𝜀𝜀√∆𝑡𝑡  with 𝜀𝜀 ~ 𝑁𝑁(0,1) 

By performing a non-linear regression on the data series, the coefficients of the equations have been 
identified. Multiple simulations have been performed in order to optimize the goodness of fit (knowing 
that there is a stochastic component in the model).  

Figure 11 Long term interest rates – Observed vs. Fitted (from 1994 to 2014) 

 

By using the long term rate equation and the linear relationship between NIM and long term rates, we 
can deduce the equation of NIM as a function of time t: 

𝐿𝐿𝐿𝐿(𝑡𝑡) =  𝐿𝐿𝐿𝐿(𝑠𝑠). 𝑒𝑒𝑎𝑎.(𝑡𝑡−𝑠𝑠) + ∫ 𝑒𝑒−𝑎𝑎𝑡𝑡.
𝑡𝑡

𝑠𝑠
𝜕𝜕𝑊𝑊𝑡𝑡 

𝑁𝑁𝑁𝑁𝑁𝑁 =  0,2071. 𝐿𝐿𝐿𝐿 + 2,8326 

However, this equation partially reflects the dynamics of the NIM. In fact, the relationship between long 
term rates and the NIM allows for the capture of the NIM’s trend. The other component to be considered 
is the short-term volatility of the NIM, that could be explained (as discussed earlier) by the spread 
between short-term and long-term rates. 
For that matter, the residuals of the models above have been compared to the evolution of the spread on 
the same period. The residuals reflect the error term of the models and therefore are a reflection of the 
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information not captured by the model. Based on the observation that the short term volatility of the 
NIM (described by the hump shape) is linked with the spread, the residuals of the model should follow 
the evolution of that spread. In fact, the model captures the trend of the NIM (described by the link with 
the long term rates) but does not capture the link with the spread. Consequently, if the residuals of the 
model follow the evolution of the spread, then the assumption (or the observation) that the short-term 
volatility of the NIM is explained by the spread holds.  

Figure 12 Residuals vs. Spread (from 1986 to 2014) 

 

The residuals of the model seem to follow the trends of the spread in the three pattern locations. 
Subsequently, one can deduce that the short term volatility of the NIM is driven, at least partially, by 
the spread.  
Finally, as the study showed, the dynamics of the NIM could be explained by two factors. The long term 
trend of the NIM is driven by long term interest rates whereas the short-term volatility is driven by the 
spread between short term and long term interest rates. The model’s intent are not to forecast the levels 
of the NIM in the coming future but to anticipate how it will evolve based on assumptions on interest 
rates. For instance, with the QE ending in the US as well as a possible return to a more normal monetary 
policy, it will eventually lead to a hike in interest rate. With this assumption, long interest rate will rise 
leading to an upward trend of the NIM as identified in the technical analysis. Short-term rates will rise 
as well. Depending on how the yield curve shifts, the spread could increase or stay as it is which means 
that, in a scenario where the yield curve steepens, the NIM will increase in the short-run. 
This analysis is based only on interest rates. It does not take into account other factors that can impact 
the NIM. Among these factors is the current regulations on liquidity (LCR and NSFR), the leverage 
ratio, and the stress testing which could lead to high levels of capital and provisions that in turn would 
impact the business. Another factor that could be important to consider is the size of the balance sheet 
and by extension the business model. Consequently, a more granular study could be performed by total 
asset size in order to provide more granular conclusions.  
For that matter, the following part of the white paper focuses on measuring the IRRBB on a real balance 
sheet. One of the measures is the Earnings-at-Risk that could be assimilated to the NIM, and therefore 
would provide more detailed conclusions on the evolution of the NIM in a particular case. 

  



IRRBB | How to manage IRRBB considering the Monetary Policy and the new regulation 

114 

3. Building a simulation framework to capture the IRRBB 

 Framework of the study 

3.1.1. Purpose of the analysis 

The analysis presented in this section focuses on building a framework to allow the measurement of the 
the IRRBB on a real portfolio. Obviously, the purpose is to define the metrics that will allow the capture 
of this risk. What matters most is how to project the IRRBB on a predefined horizon and the way it will 
evolve considering the current market conditions. 
Accordingly, the first rationale behind this study is to define how to capture the IRRBB’s exposure as 
of today. Based on this methodology, the second rationale is to diffuse the IRRBB metrics on the near 
future and to study the sensitivity of the portfolio based on various scenarios. 
In fact, in preparation for the new Basel regulation and potential hikes in interest rates, the purpose of 
this study is to propose a methodology allowing the management of the IRRBB at a certain point of 
time, and more importantly, to capture its evolution across time. 

3.1.2. Methodology and approach behind the study 

The study and the simulation framework have been built around three main axes: 
The first aspect of the study is to build a model to diffuse the floating interest rates on which assets and 
liabilities of the portfolio have been indexed. As a part of the balance sheet is constituted of assets and 
liabilities indexed on floating rates, the ability to project these rates would allow for a better 
understanding on how the value of these instruments, as well as their revenues and costs, would evolve 
which can, by definition, explain the sensitivity of the bank to changes in interest rates. The  model 
features a Monte Carlo simulation generating multiple paths of interest rates. These simulations are 
associated with interpolation techniques such as Cubic Spline Interpolation. Additionally, the horizon 
of the projections goes up to almost 3 years as the interest rates predictions are constructed untill Q4-
2017. Finally, the model is a multi-step model where at each sequence (end of each year), a reset process 
is applied. Based on the outcomes of the model and the different scenarios generated, changes in cash 
flows and value will be measured, hence, the exposure to the IRRBB. 
The second aspect of the study is to that that cash flows are not solely impacted. In fact, the actualization 
framework is key in order to value assets and liabilities at a certain point of time. The purpose of this 
second part is to build a rate model that would simulate the term structure of the yield curve, and 
therefore, determine discount factors. Additionally, scenarios of changes in the yield curves are 
constructed such as a parallel shift scenario, steepening scenario and inversion scenario. Discount factors 
generated from these scenarios are applied on the cash flows generated by the balance sheet. 
The third aspect of the study defines the metrics that allows for the IRRBB to be measureable. The main 
purpose is to build engines that allow cash flows to be generated from the balance sheet, and to reprice 
assets and liabilities based on the scenarios of interest rates. Based on these engines, the Economic Value 
of Equity (EVE) and Earnings-at-Risk are computed as these measures are promoted by regulators and 
used among industry participants. It is the evolution of the EVE and EAR that is ultimately the main 
focus of this part. In fact, the sensitivity of these measures to changes in interest rates and their 
evolvement over the projected horizon are analyzed in order to enhance the understanding of how the 
IRRBB exposure changes given the structure of the balance sheet. 

3.1.3. Description of the balance sheet on which the study was conducted 

The balance sheet on which the study was conducted is a real balance sheet of a commercial bank. The 
activity is comprised of a commercial one dedicated to loans origination for retail, SME and Corporate 
counterparties as well as a depository activity. There is also a financial activity dedicated to bonds 
origination, repo and reverse repo activity as well an investment activity in corporate, sovereign and 
supranational bonds. These activities are booked in the banking book and are therefore in the scope of 
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the study. Note that this bank also has a trading activity which is, by design, outside the scope of this 
study. 
The balance sheet is comprised of assets and liabilities set at fixed and floating rates. This structure of 
the balance sheet is key given that it will drive the sensitivity of the bank to the IRRBB. In fact, this 
reflects the business model of the bank which was an important argument provided by financial 
institutions to the Basel Committee regarding a standardization of a regulation to cover the IRRBB. 
Hence, the results provided by the simulations in this study are obviously dependent on the business 
model of the bank. 
The structure of the balance sheet and the distribution between floating and fixed rate are as follow: 

Figure 13 Distribution of floating and fixed rates across bank A and bank B balance -
sheets 

     

It seems, based on these exhibits, that an increase of interest rates would have a higher impact Bank’s B 
EVE and EAR. In fact, as interest rate increases, and knowing that the volume of floating rate liabilities 
is higher that floating rates assets, one could assume that returns will decrease as well as the economic 
value of the balance sheet. This analysis is partial, since it considers only the impact of interest rates 
moves on cash flows. It does not consider the other aspect of moving rates which is the discounting of 
future flows which would impact both flows on floating and fixed rates. 
Consequently, in order to capture both effects of rates moves on the balance sheet (cash flow effect and 
discounting), EVE and EAR engines have been constructed. These engines consider the balance sheet 
as an input as well as Monte Carlo scenarios for interest rate moves. Each balance sheet and off-balance 
sheet item have been repriced for each scenario. This is discussed below. 
However, analyzing the structure of the balance sheet is key since it provides first indications on how 
the revenues and the economic value of a financial institution would be impacted when interest rates 
shift.  
Finally, one important point is that, in conjunction with the new regulation, capital, fixed assets equity 
exposures and regulatory capital have not been included in the IRRBB metrics. 
  

Bank A
Assets Fixed rate Floating rate
Commercial loans 0,0% 0,6%
Leasing loans 14,5% 0,0%
Equipement loans 0,2% 0,0%
Mortgage loans 32,2% 29,8%
Securities 0,0% 7,0%
Revolving loans 0,2% 0,0%
Personnal loans 0,5% 0,0%
Regulatory replacement 0,9% 0,9%
Other loans 0,0% 13,3%
Total 48,5% 51,5%

Liabilities Fixed rate Floating rate
Issuances 1,0% 0,1%
CEL 0,2% 0,1%
saving accounts - Institutionnal 1,5% 17,3%
saving accounts - Retail 23,1% 13,8%
Open deposits - Corporate 0,0% 11,0%
Open deposits - Retail 0,0% 10,1%
Regulated savings 17,3% 2,6%
Total 43,1% 55,0%

Bank B
Assets Fixed rate Floating rate
Commercial loans 0,0% 0,6%
Leasing loans 14,5% 0,0%
Equipement loans 0,2% 0,0%
Mortgage loans 32,2% 29,8%
Securities 0,0% 7,0%
Revolving loans 0,2% 0,0%
Personnal loans 0,5% 0,0%
Regulatory replacement 0,9% 0,9%
Other loans 0,0% 13,3%
Total 48,5% 51,5%

Liabilities Fixed rate Floating rate
Issuances 1,0% 0,1%
CEL 0,2% 0,1%
saving accounts - Institutionnal 16,8% 29,2%
saving accounts - Retail 1,6% 13,8%
Open deposits - Corporate 0,0% 11,0%
Open deposits - Retail 0,0% 16,1%
Regulated savings 5,6% 2,6%
Total 25,3% 72,9%
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 Building a multi-step diffusion model for interest rates 

3.2.1.  Purpose of the model 

The purpose of the model is to project the evolution of interest rates on a 3-year horizon based on the 
evolution of macro-economic covariates. The idea is to analyze the historical evolution of spot interest 
rates (3-month EURIBOR for instance) in conjunction with the evolution of various macro-economic 
variables (including variables that would reflect the monetary policy) and identify a relationship between 
the dependent variable (3-month EURIBOR) and the macro-variables. Obviously, the way macro-
variable are chosen should include an economic rationale in addition to the statistical representation and 
significance. 
Based on this relationship and the projection of macro-variables, spot interest rates are projected as well. 
However, around the central scenario projection, multiple other scenarios are generated using Monte 
Carlo simulations, in order to capture as much as possible different scenarios for interest rates. The 
model includes a multi-step process where at the end of each year, the results are reinitialized and 
another Monte Carlo simulation is generated.  
Consequently, the time series model would be used to generate different scenarios allowing to capture 
different possible outcomes for spot interest rates. For a matter of simplification, an assumption is made 
on the indexes on which floating rates instruments are indexed. In fact, the balance sheet that has been 
considered for the matter of this study contains instruments indexed on the 3-month EURIBOR, 6-month 
EURIBOR, 9-month EURIBOR, EONIA, LIBOR etc… For this study, only one time series model has 
been constructed for 3-month EURIBOR meaning that we assume that all floating rate instrument are 
indexed on the 3-month EURIBOR. This assumption can be explained by the fact that the different 
indexes present some strong correlations.  

3.2.2.  Stationarity of the dependent variable and correlation with macro-
variables 

When building time series model, one of the first steps is to analyze the dependent variable (3-month 
EURIBOR) and define whether it is stationary or not. If the variable is not stationary, the regression 
model built would present some spurious coefficient, which means that the results would not be accurate 
and the model useless. Therefore, the variable must be transformed in order to have a dependent variable 
that is stationary.  
For that matter, two stationarity test have been performed on the 3-month EURIBOR: The Augmented 
Duckey Fuller test and the KPSS test. The results are: 

Table 1 Stationarity test for the EURIBOR 3M 

 

Consequently, the dependent variable is not stationary and therefore must be transformed. The first order 
variation of the 3-month EURIBOR (EUR3M) is then considered: 

∆𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀1𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 (𝑡𝑡) = 𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀(𝑡𝑡) − 𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀(𝑡𝑡 − 1) 

The stationarity tests are: 

Stationarity test for the EURIBOR 3M
Test Hypothesis P-value Interpretation

ADF H0 | the series contain a unit root
Ha | the series is stationary

7,54%
Considering that the p-value is above the significance 
level (5%), H0 could not be rejected. The series is not 

stationary

KPSS H0 | the series is stationary
Ha | the series is not stationary

< 0,0001
Considering that the p-value is below the significance 

level (5%), H0 must be rejected. The series is not 
stationary
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Table 2 Stationarity test for the first order variation of the EURIBOR 3M 

 

Consequently, the 1st order variation of the EUR3M is stationary so the dependent variable that would 
be considered for the model is ∆𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀1𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜. 

Figure 14 Variation of the EUROSM (time / first order) 

 

Once the dependent variable is defined, the correlations with the macro-economic variables are tested. 
For that matter, multiple variables from different countries have been considered. 

Table 3 Macroeconomic variables by country 

 
For these variables, the correlation matrix has been calculated in order to identify the correlations 
between the dependent variable and the economic covariates on one side, and between economic 
covariates on the other side (considering the high number of variables, only those with significant 
correlations have been considered). 
 

Stationarity test for the 1order variation EURIBOR 3M
Test Hypothesis P-value Interpretation

ADF
H0 | the series contain a unit root
Ha | the series is stationary

1,50%
Considering that the p-value is below the significance 

level (5%), H0 must be rejected. The series is stationary

KPSS
H0 | the series is stationary
Ha | the series is not stationary 69,9%

Considering that the p-value is above the significance 
level (5%), H0 must not be rejected. The series is 

stationary
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Table 4 Correlation Matrix (Pearson’s coefficient) and Determination coefficient (R²)  

 

As the results above show, the EUR3M is correlated with 10y bond for Germany, France, Belgium and 
EU. This positive correlation seems natural since short term and long term rates present similar trends 
or in other words evolve accordingly even though short term rates are more volatile. Moreover, these 
variables were not considered in the model because we wanted the model to take as inputs non-rate 
related data. Plus, there is a strong correlations between the variables of France, Germany and Belgium 
with the EU variables. This result is natural as well because a composite of the variables at country level 
would constitute the variables at EU level. For that matter, only variables at EU levels have been 
considered in the model.  
Therefore, based on this analysis only one variable present a strong correlation with the EUR3M: the 
unemployment rate at the EU level. 

Figure 15 EUR 3M vs. EU unemployment rate 

 

Two other variables have some interesting features that could be considered as additional inputs for the 
model: the GDP Growth rate and the changes in ECB reference rate (main refinancing operations). In 
fact, the correlation between the GDP Growth rate and the EUR3M is 51.2% which could be considered 
as not sufficiently significant (in comparison to other variables). However, the graph below shows that 
the GDP growth has various trends that could contribute in explaining the evolution of EUR3M (during 
the crisis of 2008 for instance, or in the early 2000’s as well). 

Figure 16 EUR 3M vs. EU GDP growth 

 

Correlation Matrix - Pearson's coefficient

Variables EUR003M Index 10y Bond - Germany GDP Growth_Germany 10y Bond - Belgium GDP Growth_France 10y Bond - France Unemployment rate_France GDP Growth_EU Taux de chômage_EU 10y Bond - EU Changes in ECB reference rate 
(main refinancing operations)

EUR003M Index 1 0,804 0,308 0,732 0,431 0,800 -0,684 0,512 -0,856 0,915 0,195
10y Bond - Germany 0,804 1 0,127 0,870 0,429 0,972 -0,563 0,462 -0,761 0,760 0,165
GDP Growth_Germany 0,308 0,127 1 0,152 0,822 0,120 -0,033 0,869 -0,155 0,229 0,538
10y Bond - Belgium 0,732 0,870 0,152 1 0,381 0,952 -0,510 0,357 -0,604 0,705 0,085
GDP Growth_France 0,431 0,429 0,822 0,381 1 0,407 0,057 0,953 -0,172 0,303 0,587
10y Bond - France 0,800 0,972 0,120 0,952 0,407 1 -0,547 0,413 -0,701 0,768 0,135
Unemployment rate_France -0,684 -0,563 -0,033 -0,510 0,057 -0,547 1 -0,126 0,865 -0,763 0,142
GDP Growth_EU 0,512 0,462 0,869 0,357 0,953 0,413 -0,126 1 -0,336 0,409 0,580
Taux de chômage_EU -0,856 -0,761 -0,155 -0,604 -0,172 -0,701 0,865 -0,336 1 -0,850 -0,003
10y Bond - EU 0,915 0,760 0,229 0,705 0,303 0,768 -0,763 0,409 -0,850 1 0,041
Changes in ECB reference rate (main refinancing operations) 0,195 0,165 0,538 0,085 0,587 0,135 0,142 0,580 -0,003 0,041 1

Determination coefficient - R2

Variables EUR003M Index 10y Bond - Germany GDP Growth_Germany 10y Bond - Belgium GDP Growth_France 10y Bond - France Unemployment rate_France GDP Growth_EU Taux de chômage_EU 10y Bond - EU Changes in ECB reference rate 
(main refinancing operations)

EUR003M Index 100,0% 64,6% 9,5% 53,6% 18,6% 63,9% 46,7% 26,2% 73,2% 83,7% 3,8%
10y Bond - Germany 64,6% 100,0% 1,6% 75,8% 18,4% 94,5% 31,7% 21,4% 57,9% 57,8% 2,7%
GDP Growth_Germany 9,5% 1,6% 100,0% 2,3% 67,5% 1,5% 0,1% 75,5% 2,4% 5,2% 29,0%
10y Bond - Belgium 53,6% 75,8% 2,3% 100,0% 14,5% 90,7% 26,0% 12,7% 36,5% 49,7% 0,7%
GDP Growth_France 18,6% 18,4% 67,5% 14,5% 100,0% 16,6% 0,3% 90,8% 2,9% 9,2% 34,5%
10y Bond - France 63,9% 94,5% 1,5% 90,7% 16,6% 100,0% 29,9% 17,0% 49,1% 59,0% 1,8%
Unemployment rate_France 46,7% 31,7% 0,1% 26,0% 0,3% 29,9% 100,0% 1,6% 74,9% 58,2% 2,0%
GDP Growth_EU 26,2% 21,4% 75,5% 12,7% 90,8% 17,0% 1,6% 100,0% 11,3% 16,8% 33,6%
Taux de chômage_EU 73,2% 57,9% 2,4% 36,5% 2,9% 49,1% 74,9% 11,3% 100,0% 72,3% 0,0%
10y Bond - EU 83,7% 57,8% 5,2% 49,7% 9,2% 59,0% 58,2% 16,8% 72,3% 100,0% 0,2%
Changes in ECB reference rate (main refinancing operations) 3,8% 2,7% 29,0% 0,7% 34,5% 1,8% 2,0% 33,6% 0,0% 0,2% 100,0%
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The third variable is the change in ECB main refinancing operation rate. This variable is deduced from 
the historical evolution of the ECB main refinancing operation rate. This transformed variable represents 
changes in the monetary policy. As mentioned above, including a variable that represents the monetary 
policy seems to be important since the monetary policy drives short term interest rates and because of 
the significant role the monetary policy plays in today’s environment. Typically, in the US, after the QE 
ended, market participants all await the next move from the FED on how it will drive its monetary 
policy. Even though this variable is not directly correlated with the EUR3M, it is highly correlated with 
the 1st order variation of EUR3M which is the dependent variable on which the regression analysis will 
be performed (81% of correlation and 66% of R2). 
 

Figure 17 First order variation of eUR 3M vs. Changes in the main refinancing 
operation of the ECB (from Q1 1999 to Q1 2015)  

 

3.2.3. Performing the regression analysis 

Based on the findings of the previous section, a regression analysis is performed taking into account the 
following variables: 

– Dependent variable | 1st order variation of EUR3M 
– Explanatory variables | 

o EU Unemployment rate 
o EU GDP Growth rate 
o Changes in ECB main refinancing operation rate 

In order to enhance the performances of the model, an autoregressive component of the EUR3M has 
been included as an explanatory variable. Basically, one can suggest that the changes in the EUR3M are 
both explained by macro-economic variables and by the level of the EUR3M at the previous time (t-1). 
In fact, if the EUR3M is at near zero level at time t-1, its variations are unlikely to be high at time t in 
comparison with a EUR3M that is higher at time t-1. 
Based on these comments, a linear regression has been performed using the OLS methods in order to 
estimate the coefficient of the model. 

∆𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀1𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 (𝑡𝑡)
= 𝑎𝑎 + 𝑏𝑏. 𝐺𝐺𝐺𝐺𝐺𝐺 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡ℎ𝐸𝐸𝐸𝐸(𝑡𝑡) + 𝑐𝑐. 𝐸𝐸𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑔𝑔𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑡𝑡 𝐸𝐸𝑎𝑎𝑡𝑡𝑈𝑈𝐸𝐸𝐸𝐸(𝑡𝑡)
+ 𝑑𝑑. 𝐶𝐶ℎ𝑎𝑎𝑈𝑈𝑔𝑔𝑈𝑈𝑎𝑎 𝑖𝑖𝑈𝑈 𝐸𝐸𝐶𝐶𝐸𝐸 𝑀𝑀𝐸𝐸𝑀𝑀𝐸𝐸𝐸𝐸(𝑡𝑡) + 𝑈𝑈. 𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀(𝑡𝑡 − 1) 

The results of the regression present a good capacity of the model to fit with the observations. The 
weight of the variables (materialized by the normalized coefficient and the p-values) shows that all 
variables are statistically significant in the model (at a 5% confidence level). 
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Figure 18 Adjustments and first order variation of the EUR3M vs. Normalized 
coefficient (confidence level = 95%) 

     

The parameters of the model are: 

Table 5 Parameters of the model 

 
 
By rewriting the equation, the estimated EUR3M(t) can be written as: 

𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀(𝑡𝑡) = 1,33 + 5,23. 𝐺𝐺𝐺𝐺𝐺𝐺 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡ℎ𝐸𝐸𝐸𝐸(𝑡𝑡) − 0,12. 𝐸𝐸𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑔𝑔𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑡𝑡 𝐸𝐸𝑅𝑅𝑡𝑡𝑈𝑈𝐸𝐸𝐸𝐸(𝑡𝑡)
+ 0,86. 𝐶𝐶ℎ𝑅𝑅𝑈𝑈𝑔𝑔𝑈𝑈𝑎𝑎 𝑖𝑖𝑈𝑈 𝐸𝐸𝐶𝐶𝐸𝐸 𝑀𝑀𝐸𝐸𝑀𝑀𝐸𝐸𝐸𝐸(𝑡𝑡) − 0,134. 𝐸𝐸𝐸𝐸𝐸𝐸3𝑀𝑀(𝑡𝑡 − 1) 

The sign of the coefficients seems to be in line with the economic rationale. For instance, an increase in 
the unemployment rate will be associated with a decrease in the EUR3M. In fact, an increase in the 
unemployment rate is associated with a downturn economic condition which in turn will lead to a more 
accommodating monetary policy, which in turn will push rates down. The sign of the variable “Changes 
in ECB MRO” is positive which is accurate since it reflects that the EUR3M evolves in conjunction 
with the monetary policy which is in fact one of the main role of supranational regulators (drive inflation 
and short term rates).  
The ability of the model to fit with the observations is tested graphically by taking into consideration 
the observed EUR3M(t-1) in the model on the one hand, and by considering the predicted EUR3M(t-1) 
since the beginning of the time series. 

Figure 19 Comparison of the variations of observed EUR3M vs. Models with observed 
and predicted EUR3M (t-1) 

 

 

Adjustments
Nb of observations 65,000
DDL 60,000
R² 0,703
R² adjusted 0,683
MCE 0,072
RMCE 0,268
MAPE 317,325
DW 2,643
Cp 5,000
AIC -166,486
SBC -155,614
PC 0,346

Variables Values
Constante 1,334
GDP Growth_EU 5,234
Unemployment Rate_EU -0,117
Changes in ECB reference rate (main refinancing operations)0,856
EUR003M Index_t-1 -0,134
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The coefficient of determination is respectively 97% and 93%. The performances of the model could be 
considered as good. Obviously, the autoregressive component enhances the performances of the model 
without rendering any of the macro-variable insignificant in the model. 
The assumptions on the residuals have been tested meaning that the autocorrelation in the residuals and 
the normality have been covered. The partial autocorrelation graph shows that the residuals are slightly 
correlated at lag 1 and 4 with all other lags presenting small levels of correlation. This provides an 
indication on the stationarity of the residuals which is confirmed by the ADF, KPSS and PP tests. The 
normality tests show as well that the residuals follow a normal distribution. 

Figure 20 Residuals – Partial auto correlation 

   

3.2.4.  Calibrating the Monte Carlo simulations in a multi-step process 

The rationale behind this section is to calibrate adequately the engine to generate the various scenarios 
for interest rate evolution over a 3 year horizon period. The calibration of the MC simulations is key in 
order to accurately cover plausible paths for interest rates knowing the central scenario. The central 
scenario refers to the projections of interest rates based on the projections of macro-economic variables 
as anticipated by supranational organizations. 
The purpose is to project interest rates using the econometrical model developed in the previous section, 
and by framing the central projection to take into consideration potential errors that might arise from the 
projected macro-variables. In other words, the MC simulations have the intent to cover the uncertainty 
around anticipated macro-variables for the three coming years. The calibration of the MC simulations 
is performed iteratively and by sequence, each sequence representing the end of a year. This means that 
the uncertainty of estimation is calibrated for year 1 (end of 2015), year 2 (end of 2016) and year 3 (end 
of 2017).  Indeed, for each sequence, a MC simulation is performed to take into account the uncertainty 
for a 1 year horizon period, then a 2 year horizon period and finally a 3 year horizon period (1 MC 
simulation is performed for each sequence, 3 MC simulations are performed in total). Graphically, this 
could be represented as follows: 
 

Statistique DDL Valeur p-value
Jarque-Bera 2 55,520 < 0,0001
Box-Pierce 6 15,746 0,015
Ljung-Box 6 17,027 0,009
McLeod-Li 6 12,108 0,060
Box-Pierce 12 20,710 0,055
Ljung-Box 12 23,103 0,027
McLeod-Li 12 13,405 0,340
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Figure 21 Calibrating the error for the Monte Carlo Simulation – Projections for the 
EUR 3M (from Q1 2014 to Q4 2017) 

 

As shown by the graph above, the error is calibrated for the different horizons and therefore is a function 
of that time horizon. Indeed, the error for the 3-year horizon projections is higher than the error for the 
2 year horizon which in turn is higher than the error for the 1 year horizon. 
The methodology used to calibrate the error is based on the observed error between projected macro-
economic variables and observed values. In fact, assume that at time t-x (for instance 2005), the ECB 
has projected real GDP Growth for the following three years (2006, 2007 and 2008). These projections 
are compared to the observed real GDP Growth for these years. Therefore, the error over a 3-year time 
horizon is observable (the error in 2006 reflects the one-year error, the error in 2007 reflects the two-
year error, so on and so forth). Thus, three time series are then derived for each macro-economic 
variables, each reflecting the error at a pre-defined time horizon (1-year error, 2-year error, 3-year error).   

Figure 22 Calibrating the error for the Monte Carlo Simulation – Methodology – Real 
GDP growth rate (from Q1 1999 to Q1 2015) 
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Based on the derived time series, the average error and the standard deviation of the error are computed 
for each time horizon (from 1 to 3 years, which are the projection horizon). These parameters will be 
the inputs to the scenario engine that will generate the Monte Carlo simulations. Indeed, recall that the 
scenario generator is a multi-step process. For each step (corresponding to a one year time span), a 
Monte Carlo simulation would be generated based on the corresponding error (as defined above) for 
each macro-economic covariate chosen. The process would be summarized as follow: 

Figure 23 Multi-step Monte Carlo Simulator with reinitialisation 

 

Therefore, for each sequence, the estimated values of the macro-economic variables are computed while 
taking into account the potential error in projections as computed earlier. The scenarios for the macro-
economic variables are then included in the econometric model in order to forecast the EUR3M over a 
three-year time horizon.  

3.2.5.  Forecasting the EUR3M over a three year time horizon 

The econometric model built in 4.2.3 allows the forecasting of the EUR3M based on the projections of 
the macro-economic covariates. The Monte-Carlo simulation engine allows the generation of different 
potential scenarios for the macro-economic variables based on the forecasted values for these variables 
and the potential error that could arise, calibrated on the historical observed errors over the past decade.  
The purpose of this paragraph is to project the EUR3M based on the scenarios from the Monte-Carlo 
simulation. This would allow to capture as much as possible different potential scenarios for the EUR3M 
evolution.  
First, recall that the Monte Carlo simulations provided potential values of macro-economic variables at 
the end of each sequence. Therefore, at the end of 2015, 2016 and 2017 the different projections of 
macro-economic covariates are then available. However, the econometric model built depends on the 
EUR3M at time t-1 or in other words on the value of EUR3M for the past quarter. Therefore, it is 
necessary to define a methodology to interpolate iteratively the macro-economic variables, from the 
beginning of the sequence till the end of the sequence and consequently determine the projected values 
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for these variables over the entire quarters of a year (not only the beginning and the end of the sequence, 
but the intermediary points as well). 
Different methods have been used and will be described briefly. The first method is based on a stochastic 
interpolation whereas, based on the generalized Wiener Process (for which the Drift and the Variance 
have been calibrated accordingly), the intermediary points have been interpolated. If this method 
introduces an interesting feature (the ability to introduce a stochastic component in the projections) it 
has some drawbacks for the purpose of projecting the EUR3M. Indeed, interpolating the macro-
economic variables based on a pure stochastic component introduces some breaks (or humps) in the 
EUR3M from one quarter to another. These humps from one quarter to another are not desirable because 
they don’t reflect any economic rationale. Another drawback is the difficulty to calibrate accordingly 
the Wiener process and the sensitivity of the projections based on these calibrations. 
The second method is preferred to the first one. Indeed, the interpolation of the macro-economic 
covariates are performed using a Cubic Spline interpolation. The first advantage of this method is that 
the interpolation is smoother reflecting more accurate trends in the macro-economic variables. The 
second advantage is that it introduces difficulties from a calibration standpoint. The third advantage is 
that it will allow generating different paths for each scenarios for the Monte Carlo Simulation. Finally, 
this method is used across the industry for interpolations matters around yield curves. 
Based on this second method, the macro-economic covariates have been interpolated and the EUR3M 
has been projected using both the econometric model and the projections for the macro-economic 
covariates. 

Figure 24 EUR 3M projections by sequence over a 3-year horizon 
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 Building a yield curve model 

The purpose of this section is to build a rate model that would simulate the entire term structure of the 
yield curve. This model would allow the computation of the discount factors and therefore the Net 
Present Value of assets and liabilities. 
Besides calibrating a rate model, the purpose is to calibrate possible scenarios of changes in the term 
structure of the yield curve. In fact, as required per regulations and as a market best practice, different 
scenarios of moves of the yield curve have been designed based on the current market conditions (which 
is the starting point) and observations about historical changes of the yield curve (calibration of the 
severity of the moves).  
Finally, for a matter of coherence, the evolution (or projection) of the yield curve has been indexed on 
the projections made for the EUR3M for the three coming years. This means that the starting point of 
the yield curve is the projected EUR3M (for each scenario generated by the MC simulations) and the 
changes in the term structure of the yield curve has been calibrated based on the intensity and severity 
of the moves in the various crisis. 

3.3.1.  Choosing and calibrating the rate model 

The rate model used to model the yield curve is the Nelson, Siegel and Svensson model. The NSS model 
is a widely used model to forecast the yield curve. It is flexible enough to describe the many shapes of 
the yield curve. More importantly, and for the matter of this study, this model is perfectly adequate to 
calibrate the various scenarios of changes in the term structure of the yield curve. In fact, each coefficient 
(or combination of the coefficient) represent a specific element of the yield curve, which make it simpler 
to calibrate deformation of the yield curve for various intensities. 
The equation of the model is  

𝑦𝑦(𝜏𝜏) =  𝛽𝛽0 + 𝛽𝛽1 [1 − 𝑒𝑒−( 𝜏𝜏
  𝑙𝑙1

)

𝜏𝜏
 𝑙𝑙1

] +  𝛽𝛽2 [1 − 𝑒𝑒−( 𝜏𝜏
  𝑙𝑙1

)

𝜏𝜏
  𝑙𝑙1

 − 𝑒𝑒−( 𝜏𝜏
  𝑙𝑙1

)] +  𝛽𝛽3 [1 − 𝑒𝑒−( 𝜏𝜏
 𝑙𝑙2

)

𝜏𝜏
 𝑙𝑙2

 − 𝑒𝑒−( 𝜏𝜏
 𝑙𝑙2

)] 

Where the impact of each parameter can be interpreted as follow: 
– 𝛽𝛽0 is interpreted as the long-run yield level as it is independent of time to Maturity τ. The second 

term is equal to 1 for 𝜏𝜏 = 0 and exponentially decays to zero as τ grows. 𝛽𝛽0 is also interpreted 
as the level of rates; 

– 𝛽𝛽1 is the short term value of the curve in terms of deviation from the asymptote. Indeed the first 
term is equal to 1 for 𝜏𝜏 = 0 and exponentially decays to zero as τ grows. If 𝛽𝛽1  is positive 
(negative), the curve will have a negative (positive) slope; 

– 𝑙𝑙1 specifies the position of the first hump or U-shape on the curve;  
– 𝛽𝛽2 determines the magnitude and the direction of the first hump. Indeed the second term is equal 

to 0 for 𝜏𝜏 = 0; when τ grows, it increases in a first time and then the decreases; 
– 𝑙𝑙2 specifies the position of the second hump or U-shape on the curve; 
– 𝛽𝛽3 determines the magnitude and the direction of the first hump.  Indeed the second term is 

equal to 0 for 𝜏𝜏 = 0; when τ grows, it increases in a first time and then the decreases. 
The first step is to determine the coefficient of the model in order to fit with the current yield curve. For 
that matter, the current yield curve considered is the EURO BOND yield curve. To fit the model to the 
observed yield curve a differential evolution algorithm is used. Its intent is to optimize the following 
optimization problem: 

min ∑(𝑦𝑦𝑡𝑡 − 𝑦𝑦𝑡𝑡
𝑝𝑝)² 
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Where yt is the observed yield curve and yt
p is the modeled yield curve. Some constraints are being 

imposed to estimate the factors: 

𝛽𝛽0 + 𝛽𝛽1 > 0      and        𝛽𝛽0 > 0 
By running the optimization problem, the coefficients of the NSS model are computed, and the model 
is fitted to the observed yield curve. For instance, for the following yield curves, the results are: 

Figure 25 NSS Calibrations of Euro Bond yield curve (compared in 15/06/2015 and 
17/01/2011) 

      

In fact, an algorithm has been developed in order to fit the NSS model for the available daily spot yield 
curves from 06/09/2004 till 30/06/2015. Therefore, the coefficients of the model have been computed 
for these yield curves.  

3.3.2. Defining and building the scenarios for shifts in the yield curve 

The purpose of this section is to build a methodology that allows the identification of the scenarios on 
the yield curve (the various shifts and twists that could occur), defining the windows on which the shifts 
will be calibrated and proposing a framework to calibrate these scenarios based on what is observable.  
The first step of the process is to define what the different shifts and moves are that need to be captured. 
Essentially, multiple twists could occur on the yield curve with various intensities. Theses twists must 
reflect a specific stress scenarios that would distort the yield curve. The severity of the stress scenario is 
materialized by the intensity of the twist. For instance, a possible scenario for the yield curve would be 
an inversion of the yield curve where long interest rate would be lower than short interest rates. In such 
a scenario, the intensity of the inversion would be measured by the spread between short run rates and 
long run rates. The more the spread increases (in absolute terms since the spread would be negative in 
this case), the higher the stress impact becomes. For the matter of this white paper, four different and 
plausible scenarios is simulated: 

– Steepening of the yield curve; 
– Flattening of the yield curve; 
– Inversion of the yield curve; 
– Parallel shift of the yield curve. 

For these different scenarios, multiple intensities would be calibrated in order to capture as much as 
possible different potential shifts in the yield curves and to measure their impacts in terms of the IRRBB.  
Once the scenarios defined, the second step is to identify the time window in the historical data for 
which similar moves have been identified. Indeed, the rationale behind this step is to calibrate the 
intensities of the scenarios or, in other words, the severity of the scenario. The time window chosen 
provides another important information. It gives the time span between the beginnings of the 
phenomenon (steepening for instance) and when it reaches its maximum and thus its turning point. This 
information would be interesting in order to capture how the phenomenon intensifies across time.  
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To identify the different time windows, the methodology is based on the evolution of the spread between 
long term rates and short term rates. If the spread increases (positive slope) over a certain period of time, 
the yield curve is facing a steepening scenario. If it decreases (negative slope, the spread remains 
positive) the yield curve is facing a flattening scenario. If the spread becomes negative (short term rates 
higher than long term rates) then the yield curve is facing an inversion scenario. The graphic below 
shows the different potential time windows for the scenarios: 

Figure 26 Spread between long term rates (respectively 30Y and 10Y maturities) and 
short term rates (3M maturity) 
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A zoom on the different time windows is presented below: 

Figure 27 Zoom on the time windows that could be used for the scenarios 

 

First, the flattening window that will be used to model the flattening scenario in the yield curve goes 
from 23/09/2013 to 20/04/2015. The graph above shows that the slope of the yield curve (captured by 
its derivative) decreases significantly across this period of time. It is essentially long term rates that 
decreased significantly due to the quantitative easing (announced by the ECB and launched in 2015). 
Indeed, as short term interest rates were already low (driven by an expansionary monetary policy), in 
order to stimulate the economy, the ECB targeted long interest rates.  
Second, for the steepening scenario two possible time windows are possible. These time windows reflect 
two different behavior and trends in the yield curve. The first time window ranges from the 26/09/2008 
to 10/09/2009. The increase in the spread is more driven by changes in short term interest rates rather 
than long term interest rates. Indeed, following Lehman’s default (that occurred on 15/09/2008) and the 
financial crisis of 2008, an accommodative monetary policy has been put in place by supranational 
institutions in Europe and others central banks around the world that materialized in a near zero-rate 
policy which drove short interest rates down, therefore increasing the spread and the slope of the yield 
curve (long term interest rates being at identical levels). The second time window takes into 
consideration the latest developments in the yield curve and ranges starting from 21/04/2015 till now. 
The dynamics of the yield curve (and more especially the increase in the slope) is more driven by an 
increase in long interest rates rather than short interest rates. As explained earlier, this volatility is the 
consequence of the quantitative easing and the volatility that it introduces. To choose between the time 
windows, the second one seems preferable knowing that it concerns the recent environment. However, 
the severity of the changes is an important one, because while calibrating the scenarios, capturing 
extreme events seems important. For that matter, the slope of the curves (a linear regression has been 
performed, which is an approximation of the slope) has been calculated and the changes measured: 
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Figure 28 Comparison between the slop of the curves for the two time windows 

 

 The different slopes are then: 

Table 6 Characteristics of slopes per time window 

 
 
As the results show, it seems more convenient to consider the first time window (which includes the 
latest financial and economic crisis). The advantage of this time window is that its severity is higher 
which allows additional possible scenarios to be captured in the steepening dynamics of the yield curve. 
Another interesting point is that it includes a recent historical crisis, which regulators recommend using 
for risk management purposes. This makes the first time window more regulator-friendly. 
Third, for the inversion scenario, the phenomenon observed in the Euro Bond yield curve does not seem 
to be sufficiently representative to model such a scenario. Indeed, the intensity seems low and the time 
span very short (sufficiently short that it could have no impact on the banking book).  For that matter, 
another series seems preferable for that scenario. Indeed, the inversion scenario is calibrated on the 
longest standing example of the yield curve inversion, the inversion of the US Treasury bond yield curve 
in the middle of the 2006 labelled by Greenspan’s “conundrum”: the rise of short-term rates in the face 
of persisting low long-term rates. Indeed the FED raised several times its key policy rate between 2004 
and 2007 (from 1% to 5.25%) while long-term rates remained at the same or lower level because of a 
high demand of long-term financial securities.   
Fourth, the parallel shift in the yield curve is based on market best practice as well as practices that 
regulators are promoting (under the pillar 2 of the Basel committee, the IRRBB should be measured via 
a parallel shift of +/- 200 Bps). 
  

Time Window Date Slope Change % Change
10/09/2009 0,6556
26/09/2008 0,1728
10/06/2015 0,3389
21/04/2015 0,1304

1

2

0,48            279%

0,21            160%
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3.3.3. Calibrating the scenarios for shifts in the yield curve 

Once the scenarios defined, the purpose of this section is to detail the methodology that allowed 
calibrating the scenarios on the observable yield curve.  
The first step of the methodology is to calibrate the NSS model on the daily observable yield curves for 
each time window selected. Therefore, for a certain time window, the coefficients of the model are 
determined (𝛽𝛽𝑖𝑖) for each yield curve. The intent of this step is to model the yield curve and therefore 
model (or capture) the changes in the structure of the yield curve across the time window. The different 
changes in the coefficients are presented for the time window that ranges from 23/09/2013 to 
20/04/2015: 

Table 7 Coefficients of the model (𝜷𝜷𝒊𝒊) 

 
 

Figure 29 Changes in the structure of the yield curve per coefficient of the model 
across time windows ranging from 23/09/2013 to 20/04/2015 

 

 

These results show that the coefficients are concentrated around certain values but extreme values appear 
as well. These values are particularly interesting when modeling scenarios because it will allow 
capturing scenarios of distressed events sometimes extreme. Another interesting point is that a 
combination of the coefficients would allow the modeling of changes in the yield curve that are not 
observed in the historical data (even though the coefficients are determined based on historical data, 
different combinations of the coefficients would provide some interesting changes). 

Statistics Beta 1 Beta 2 Beta 3 Beta 4
Number of observations 400 400 400 400
Minimum 0,744 -2,543 -65,956 3,131
Maximum 2,609 -0,985 -4,884 66,395
1st Quartile 2,027 -2,184 -60,358 25,483
Median 2,199 -2,060 -50,824 49,637
3rd Quartile 2,358 -1,912 -27,593 60,389
Mean 2,088 -2,000 -43,712 42,919
Variance (n-1) 0,183 0,106 378,664 410,190
Std deviation (n-1) 0,427 0,325 19,459 20,253
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The second step is to measure the changes in the coefficients and apply these changes on the actual yield 
curve. In fact, the information that is wanted from the historical data is the potential changes and the 
severity of these changes in the yield curve. Once these changes captured, they are applied on the actual 
yield curve, meaning that potential changes are applied on our latest observable point. Another 
interesting point in that methodology (since the coefficients have been calculated for daily observations) 
is that it introduces a time variable. Indeed, it is possible to measure changes as a function of time or in 
other words, the severity as a function of time. Stress scenarios could be performed by inducing changes 
in the reactivity of the scenario in time: 

𝛽𝛽𝑖𝑖′(𝑡𝑡) = 𝛽𝛽𝑖𝑖(𝑡𝑡0) ∗ ∆𝛽𝛽𝑖𝑖(𝑡𝑡) 

For each i from 1 to 4 and for each t in the time window. The results are then sorted and the percentiles 
and quartiles determined. The results are shown above: 

Figure 30 Results of the scenarios applied on the actual yield curves per scenario 

    

    

The third and last step is to index these scenarios on the outcomes of the econometric model built in 
section 4.2. The idea is to enhance the consistency of the model by matching the outcomes of the 
EUR3M model with the calibration of the scenarios concerning the yield curve. For that matter, the 
starting point of the yield curve is the projected EUR3M from the econometric model. By mixing these 
two models, the yield curves associated with these different scenarios would allow the projection of the 
yield curve at different point in time from 2015 to 2017:  
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Figure 31 Indexing yield curves with projected EURIBOR 3-month 

 

Therefore, this methodology allows the computation of the IRRBB indicators (meaning the Economic 
Value of Equity and the Earnings At Risk) at the different projected times. 

 Computing and measuring the IRRBB indicators 

Traditionally within the industry, two market practices are used to compute the level of the IRRBB and 
the sensitivity of the balance sheet and net income with regards to changes in interest rates. These two 
measures are the Economic Value of Equity (EVE) and the Earnings-at-risk (EAR). Recently, multiple 
discussions were held between industry professionals and prudential authorities around a framework 
that accurately measures the IRRBB, meaning which of these measures should be use and implemented 
in order to capture the IRRBB sensitivity and cover it with adequate capital cushion.  
The following section aims are computing both measures (EAR and EVE) on a real balance sheet and 
quantify the impact of changes in interest rates (based on the scenarios discussed in the previous 
sections) on these measures. The framework to compute these measure will aim to be in accordance, as 
much as possible, with the latest discussions on the IRRBB and more specifically on the latest 
consultative paper issued by the BCBS in June 2015.  

3.4.1. Background on IRRBB and on the latest discussions 

Amongst market practices, financial institutions usually use an earnings based approach to measure and 
capture the IRRBB. The first discussions around this topic revealed the intent of prudential to develop 
a framework based on an economic value of the balance sheet to determine the capital requirements for 
the IRRBB. The intent of the BCBS was to both make sure that financial institutions are adequately 
covered especially in near-zero level interest rates (driven by expansionary monetary policy with the 
use of unconventional tools to drive long interest rates down) and avoid arbitrage between the banking 
and the trading book (this is in line with the intent of Fundamental Review of the Trading Book). 
Following multiple discussions, the BCBS issued a consultative papers on potential approaches that 
could be used for the IRRBB measurement. The BCBS acknowledges that a hybrid method (based on 
both the EVE and the EAR) would be more adequate to the IRRBB framework. Consequently, the BCBS 
states that financial institutions must be able to measure both indicators (Financial institutions “should 
be capable of measuring interest rate risk using both earnings and economic value approaches”). 
Therefore, within this section, a detailed framework is constructed around calculating and measuring 
both indicators. More importantly, the interpretation around the evolution of both indicators is key to 
better understand how these two measures evolve and how they work together to better capture the 
IRRBB. 
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3.4.2. Importance of behavioral models 

The IRRBB is by nature a difficult component to be measured. Indeed, changes in interest rates affect 
the value of instruments from both the discounting item as well as from changes in cash flows. The later 
aspect is key since the changes in cash flows are driven by both the characteristics of instruments 
(variable rate loans are affected at the repricing date generating changes in cash flows) and behavioral 
changes from customers. The later point reflects how changes in interest rate affect the behavior of the 
customers that materializes in changes in strategies such as reducing savings, increasing consumption 
and investing. The behavioral changes are driven through multiple channels as discussed earlier (wealth 
effect, cost of funding, etc.). These behavioral changes affect cash flows (both inflows and outflows) 
and therefore would generate and impact on both EVE and EAR.  
Consequently, building a comprehensive framework means taking into consideration all these aspects. 
The study developed here does not pretend to capture all behavioral aspects. However, it rather focuses 
on major behavioral changes such as prepayment on mortgage loans and changes in savings for non-
maturing deposits, regulated deposit accounts, etc. 
To better describe the importance of changes in customer’s behavior an analysis has been performed on 
French Savings on Livret A. This regulated deposit account has proven to be sensitive to changes in 
volumes related to changes in remuneration rate. The method for computing the remuneration rate is 
indexed on the level of inflation which in turn depends on the overall state of the economy.  
 

Figure 32 Evolution of the volumes of deposits in conjunction with changes in the 
remuneration rate 

 

The blue series represents the flow of deposits. This curve is derived from the real flow of deposits by 
using a 12 month window moving average filter with the intent to eliminate high volatility related to 
seasonality as observed in the real curve. When the trend of the curve is upwards this means that the 
stock of deposits increases. When the slope of the curve is downwards but the level is still positive, this 
means that the speed at which the stock of deposits increases is slowing down. When the curve is 
negative, this means that the stock of deposits is decreasing and that outflows related to deposit 
withdrawal are to be anticipated.  
 

Livret A – Evolution of volumes of deposits in conjunction with changes in remuneration
rate
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The graph above shows that the evolution of the stock of deposits is directly linked with the evolution 
of the remuneration rate. Technically, a decrease in the remuneration rate is associated with a negative 
slope in the flow curve which shows a decrease in the speed at which the stock increases (deceleration) 
or a decrease in the stock of deposits. Plus, the graph shows changes in the behavior of customers where 
the sensitivity of the blue curve is higher in recent times. This could be explained by the fact that the 
lower the remuneration rate is, the more sensitive the flow of deposits is to any changes in the 
remuneration rate. This is shown over the period from October 2010 to October 2014. 
Behavioral models are not the focus of the white paper. However, they have been directly included in 
the cash flow projection while computing the EVE and EAR indicator. 

3.4.3. EVE and EAR framework and methodology 

To compute EVE and EAR engines have been built based on the following methodology and framework: 

Figure 33 Methodology to compute EVE and EAR indicators  
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Figure 34 Framework to compute EVE and EAR indicators 

 

The methodology and the framework are constructed around 4 major steps:  
In step 1, the purpose is to gather all balance sheet items relevant for the IRRBB calculations. 
For instance, as shown above and in line with the BCBS consultative paper, equity has not been 
considered a tangible assets. Interest-bearing items have been considered for the purpose of this 
framework. As described earlier, two distinct balance sheet structures have been considered by 
taking identical balance sheet items but with different distribution of fixed versus floating 
interest bearing items. This allows the analysis of how the IRRBB metrics would behave for 
two distinct banks. 
In step 2, the purpose is to project short term interest rates by generating Monte Carlo Simulations (refer 
to section 4.2.5). The index considered is the EURIBOR 3M. Therefore, all floating rate instruments are 
assumed to be indexed on the EUR3M. This simplifying assumption could have been based on another 
index (such as EUR 6M or LIBOR, etc.).  Once short term rates have been projected, all floating rate 
instruments are fully repriced for each scenario of the Monte Carlo Simulation. For instance, for a 
floating rate loan, the amortization table is built based on the new value of the index, and the principal 
and interest coupon is computed at each time bucket. Then, for fixed rate instruments, a change in the 
EUR3M does not affect the cash flow (but rather the present value of the cash flows). At this stage, cash 
flows are only projected and are not discounted. Based on the additivity principle of cash flows, the cash 
flows are summed at each time bucket to provide a short or long position. Therefore, for each scenario, 
cash flows are computed and aggregated. 
In step 3, based on the yield curve model developed in section 4.3.3, all cash flows are discounted based 
on different shifts and twists in the yield curve. Indeed, as described above, different scenarios of the 
yield curve have been designed. These would be applied to compute the present value of the cash flows. 
In step 4, the IRRBB metrics are computed for each Monte Carlo simulation and yield curve scenario. 
This framework has been fully applied on two banks that have the same total assets but two different 
structure of the balance sheets. 
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3.4.4. Computing EVE and EAR 

Recall that the framework is applied on two banks with different balance sheet structures. The size of 
the balance sheet is identical for both banks (120 €Billion of total assets) which will allow to compare 
more accurately the changes in the IRRBB metrics and the sensitivity of the portfolios to the different 
scenarios of the interest rates. The structure of the balance sheets is as follows: 

Figure 35 Compared Fixed vs. Variable rate distribution between Bank A and Bank B 

 

As shown in the exhibits above the structure of the balance sheet is similar on the asset side. However, 
on the liability side, Bank A has a higher portion of its items with a floating rate. Based on the structure 
of the two balance sheets, one would expect that Bank B has a higher sensitivity to hikes in interest rates 
since it would impact the cost of funding knowing that a higher portion of the liabilities is at a floating 
rate in comparison to Bank A. 
For these two banks, the IRRBB metrics have been computed over the projection horizon. Indeed, 
assuming a semi-dynamic balance sheet structure (the structure of the balance sheet is assumed to be 
constant over the projection horizon), as interest rates have been projected, reference EVE (𝐸𝐸𝐸𝐸𝐸𝐸0) has 
been computed (reference EVE is the economic value of the balance sheet under current market 
conditions) as well as forward EVE for each Monte Carlo simulation I and yield curve scenario j and 
each projection horizon t (𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖,𝑗𝑗(𝑡𝑡)). Therefore, for each projection horizon t ( 𝑡𝑡 ∈  [𝑄𝑄 + 1 ; 𝑄𝑄 + 10], 
Q referring to the end of the current quarter. Therefore, forward EVE is computed over a 10 quarter 
horizon). An identical process has been applied on the EAR.  
Below is presented the distribution of the EVE at time Q+1 for both banks and for each Monte 
Carlo simulation and each yield curve scenario: 
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Figure 36 Compared distribution of the EVE at Q+1 per bank for different scenarios 

 

First, for Bank A, 𝐸𝐸𝐸𝐸𝐸𝐸0 is 8.6 €Billion. Around the reference EVE, the distributions of the forward EVE 
are plotted. The findings are: 

– As the yield curve steepens, the EVE decreases. On the contrary, when the yield curve flattens, 
the EVE increases; 

– The sensitivity of the EVE is higher when the yield curve steepens in comparison to when it 
flattens. Indeed, in comparison to reference EVE, the distribution of the EVE at time Q+1 is 
much lower for the steepening scenarios than it is higher for the flattening scenarios. In other 
words, the absolute distance between reference EVE and EVE(Q+1) is higher for the steepening 
scenarios than it is for the flattening scenarios showing a high sensitivity of the balance sheet to 
any increase in the term structure of the yield curve; 

– No overlap is observable between the 4 distributions of the EVE when the yield curve steepens. 
One interpretation for that effect is that the EVE, for Bank A, is more sensitive to the yield curve 
scenario (in this case the steepening scenario) rather than the volatility of short term rates (or 
the index for floating rate instruments). This is most probably related to the structure of the 
balance sheet because for Bank B, it is the opposite. 

Second, for Bank B, 𝐸𝐸𝐸𝐸𝐸𝐸0 is 8.3 €Billion which is close the reference EVE of Bank A. Indeed, this is 
related to the fact that Bank A and Bank B have similar balance sheet items with identical balance sheet 
size. This allows to better explain the differences in the IRRBB metrics. The findings are: 

– The EVE decreases when the yield curve increases (this result is similar to Bank A); 
– In a similar way, the sensitivity of the EVE is higher when the yield curve steepens in 

comparison to when it flattens. This sensitivity, at Q+1 at least, is very close to Bank A. Indeed, 
the distance between reference EVE and EVE(Q+1) is very close between the two banks for 
each yield curve scenario; 

– The distributions present overlaps with each other. Indeed, in comparison to Bank A, Bank B’s 
EVE distributions present fat tails and higher variance. This higher variance is a reflection of 
higher sensitivity of the EVE to any changes in the short term interest rates or the index. Indeed, 
as the index changes the liability side of the balance sheet is impacted more heavily for bank B 
than bank A due to the portion of items at floating rate.  
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Forward EVEs have been computed over the entire projection horizon (till Q+10) for the two banks. 
The results are presented below for two scenarios (flattening scenario with maximum amplitude and 
steepening scenario with maximum amplitude): 

Figure 37 Comparison of forward EVE distributions per bank and scenarios over the 
entire projection horizon (Q+1 to Q+10) 

 
The findings are: 

– First, EVE decreases with the increasing interest rates for both scenarios (the structure of the 
balance sheet is assumed constant) and for both banks. This means that when interest rates rise, 
the Economic Value is impacted downward. This phenomena is similar to a bond price whereas 
the price is inversely linked with interest rates. As interest rates rise, the price of the bond 
decreases, and the bond is selling at a discount; 

– Second, the comparison of the forward EVE for the two banks is interesting for two reasons. 
Concerning the first reason, at each projection horizon, the distribution of the forward EVE 
shows a higher dispersion for Bank B in comparison to Bank A. This is evidenced by the box 
plots which are wider at each point in the future for Bank B. Second, not only the dispersion (or 
the volatility of the EVE at a certain point in time) is higher for Bank B but the speed at which 
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it decreases as well. Indeed, as shown in the graph below, the average forward EVE at each time 
in the future evolves as follow for the two banks: 

Figure 38 Average Forward EVE – Bank A vs. Bank B (from Q+1 to Q+10) 

 

Concerning the second reason, at each point in time, the dispersion of the forward EVE is higher for 
Bank B. This dispersion is a reflection of the sensitivity of the portfolio to any changes in the index and 
therefore a sensitivity of the portfolio to the repricing risk. The repricing risk is therefore higher for 
Bank B as evidenced by the dispersion that increases with the increasing index. 
For the EAR, the same analysis has been performed. The results are as follows: 

Figure 39 Comparison of EAR distribution per bank and scenario at Q+1 
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Figure 40 Comparison of Forward EAR distribution per bank and scenario across the 
entire projection horizon (from Q+1 to Q+10) 

 

The findings are: 
– First, for Bank A, Forward EAR increases with the increasing interest rates. The explanation 

for that phenomena is that, when interest rates increase and considering the balance sheet 
structure of Bank A, net earnings increase as the interest income increases at a higher speed than 
interest expenses. This metric evolves on the opposite side in comparison to the forward EVE. 
This shows two major points. First, many specialists argue that it is beneficial for banks to see 
interest rates rise as they expect the net interest margin to increase as well. This means that 
bankers deal with interest rate risk from an earnings perspective rather than economic value 
perspective as earnings directly impact banks’ margins and profits. Second, as EVE and EAR 
evolve in different directions for Bank A, and based on the IRRBB framework as proposed by 
the Basel Committee, one possible explanation for that is that Bank A’s earnings increase to the 
detriment of an increasing interest rate risk as evidenced by the decrease in the EVE; 

– Second, for Bank B, Forward EAR decreases with the increasing interest rates. The structure of 
Bank B’s balance sheet shows that as interest rate increases, interest expenses increases at a 
higher pace than interest income because a bigger portion of the liability side of the balance 
sheet is at a floating rate. Therefore, for Bank B, EVE and EAR evolve in the same direction. 
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3.4.5. IRRBB Capital Charge under current regulatory framework 

Multiple discussions between financial institutions and banks are being held around a potential capital 
charge for IRRBB similarly to the capital charge for instruments held in the trading book under the 
market risk framework. In its consultative paper of June 2015, the Basel Committee specifies that “The 
Committee is proposing changes to the regulatory capital treatment and supervision of IRRBB for two 
reasons. First, to help ensure that banks have appropriate capital to cover potential losses from 
exposures to changes in interest rates. This is particularly important in the light of the current 
exceptionally low interest rates. Second, to limit incentives for capital arbitrage between the trading 
book and the banking book, as well as between banking book portfolios that are subject to different 
accounting treatments. This is particularly important given the enhancements to the capital treatment 
of positions in the trading book, including the Committee’s ongoing Fundamental Review of the Trading 
Book (FRTB).”. 
Under this framework, different approaches are proposed to measure and quantify IRRBB risk and cover 
it adequately. The Committee proposes a pillar I approach as well as an enhancement of the pillar II 
approach. For the purpose of the simulation performed within this white paper, only the pillar I approach 
has been considered. Indeed, a pillar I capital charge for IRRBB could lead to a significant increase in 
the regulatory capital and therefore deteriorate banks’ profitability and Return On Equity.  
The purpose of this section is to provide a first measure of what could be the impact on bank’s capital 
if the pillar I approach, as described in the consultative paper, is used as is. The impact simulations are 
computed on Bank A and Bank B and a comparison between the results is provided. 
Option 1 under the pillar I approach, is a pure EVE measure. Indeed, for each currency, it is the 
maximum decrease in the EVE that contributes to determine the capital charge: 

∆𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖,𝑐𝑐 =  ∑ 𝐶𝐶𝐶𝐶0,𝑐𝑐(𝑘𝑘). 𝐷𝐷𝐶𝐶0,𝑐𝑐(𝑡𝑡𝑘𝑘)
𝐾𝐾

𝑘𝑘=1
−  ∑ 𝐶𝐶𝐶𝐶𝑖𝑖,𝑐𝑐(𝑘𝑘). 𝐷𝐷𝐶𝐶𝑖𝑖,𝑐𝑐(𝑡𝑡𝑘𝑘)

𝐾𝐾

𝑘𝑘=1
+  𝐾𝐾𝐾𝐾𝐾𝐾𝑖𝑖,𝑐𝑐 

Where the first term is the reference EVE and the second term is the EVE under the different scenarios 
(CF refers to cash flows and DF refers to discounted factors). The third term refers to the automatic 
interest rate option risk. 
Under the pure EVE capital charge approach, the formula for computing the capital charge is: 

 
Where i refers to the different scenarios and c the currency. For the purposes of our simulations, only 
one currency has been considered, the Euro. 
Option 2 under the pillar 1 approach, is a mix between the sensitivity of the EVE and the EAR, the 
highest being considered as the capital charge. 

 
Based on the calculation of the EVE and EAR in the framework, the pillar I capital charge has been 
computed under these two options. The results are: 
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Figure 41 Option 1 – Capital charges – Pure EVE Capital charges 

 

Figure 42 Option 2 – Capital charges – Max(ΔEVE, ΔEAR) 

 
 
The findings are: 

– First, under option 1, the increase in the capital charge is significant for both banks. However, 
the increase in time for B is much higher which is a reflection of the sensitivity of the EVE with 
the increasing interest rates for this bank; 

– Second, under option 2, the sensitivity of the EAR for all scenarios and both banks is lower than 
the EVE. Therefore, it seems that the EVE presents higher sensitivity to changes in interest rates 
than the EAR measure (at least under our current framework).  
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Conclusion 

In the context of an expansionary monetary policy, where interest rates have reached all time low, many 
argue that interest rate risk in the banking book is a grown concern for financial institutions. For that 
matter, regulators are working on a proposal to enhance managing IRRBB. Yet, IRRBB is a multi-
dimensional type of risk that is particularly tied to the business model and the jurisdiction where 
financial institutions operate. Therefore, the current framework, proposed in this white paper, allows to 
better capture some of the dimensions of IRRBB. Indeed, it allows, based on a projection of short interest 
rates to better capture repricing risk. It also provides a methodology to calibrate different scenarios for 
the term structure of the yield curve. Finally, it allows to project IRRBB metrics such as the EVE and 
EAR and hence allows to better understand bank’s risk profile and its evolution under changing market 
conditions. Indeed, as shown above, banks could deal with an increased pressure on capital, especially 
when interest rates will rise again. 
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Abstract 

The objective of this article is to provide a new angle to the study of RWA 
density. The worth of this ratio, created and largely used by financial analysts, 
has long been underestimated by banks. Yet as analyses show, this tool may 
enable a more subtle approach to risk appraisal within a financial institution. 
The first part of this article will cover the origins of the ratio and the history 
of its use in financial analysis. The second part will showcase its 
characteristics and behavioural traits (including during stress periods), 
exemplified through a number of theoretical tests. It will be followed by a 
cross-analysis of the ratio with other indicators that will help underline the 
informative and predictive value of RWA density. 
Finally, the last two parts of the article will put the theoretical value of RWA 
density to the test, by conducting a practical analysis of its behaviour in 
Europe over the 2012-2014 period.  
The conclusion will appraise the usage and evolution needed to improve and 
refine the ratio, in order to monitor scarce resources. 
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Introduction 

Following the rise of regulatory issues in the monitoring of bank activity, the implementation of Risk-
Weighted Assets for risk management purposes has led to the creation of a new synthetic indicator, the 
RWA density. Its goal is to better monitor the risk profile of a balance sheet.  
Aside from the classic indicators, financial institutions and markets consider RWA density as the gold 
standard for inter- and intra-bank comparisons. 
While many critics have cast doubt over the accuracy and relevance of these comparisons, recent 
regulatory evolutions (including the new Basel III framework) have had a tendency to reduce the 
analytical bias and ease comparisons between the different actors on the market, at least at the European 
level.  
Taking into account the common efforts made by banks and regulators – especially in Europe – to 
provide a uniform and transparent risk assessment environment, it is highly likely that the RWA density 
will become an indispensable tool in the coming years for banks to better monitor their internal activities, 
or compare themselves to their peers.  
The objective of this article is to fully understand the uses of the RWA density. It must also define the 
context of its use, so as to better grasp its potential whether it is used as a benchmarking or as a 
monitoring tool, or combined with other scarce resources monitoring indicators. 
After introducing the ratio through its origins and context, the article will first focus on a theoretical 
analysis of the ratio and its behaviour in a controlled space. The conclusions of the first part will then 
be pitted against the reality of the European financial sector during the 2012-2014 period.   
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1. Origins, definition and introduction to the ratio 

In this section are presented the foundations of the creation of RWA density as a risk management tool 
as well as its limitations.  
Indeed, from the regulatory environment and the establishment of RWA, is born the need for 
standardization and transparency of risk management practices in banks. 

 What are RWA? 

Risk-Weighted Assets, or RWA, represent the amount of risk tied to an asset belonging to a financial 
institution. This amount is then converted to the amount of regulatory capital that must be held to reflect 
the financial stability of the institution. For every asset, there is a corresponding weight of risk tied to it. 
The riskier the asset, the heavier the weight, and the more capital must be held.  
The weighting is attached following one of two approaches, 

– The “standard approach”: all the weightings are defined by regulation following a fixed-rate 
approach 

– The “internal approach”: all the weightings are calculated by each bank depending on risk 
parameters (CCF/PD/LGD) unique to each asset and defined internally. 

Below figure 1 illustrates the classic breakdown of RWAs observed in banks. 

Figure 1 RWA description – from a consolidated and detailed perspective 
Source: GRA 

 

 
  

SubsidiariesCountry

Bank | Consolidated 
RWA

Split

Operational RWA Market RWA Credit RWA

IRB ApproachStandard Approach 

Split

Corporates Banks RetailSovereigns

Mortgage Other retailRevolving



© Global Research & Analytics Dept.| 2016 | All rights reserved 

  155 

 An increasingly demanding regulatory context 

1.2.1. From Basel II to Basel III 

The reinforcement of the banks’ balance sheets has been a priority of the Basel comity ever since the 
establishment of its first prudential measures. Its recommendations have been regularly toughened in 
order to finally become a set of harmonised obligations for all banks. From Basel I to Basel II and now 
Basel III, the evolution has been considerable and increasingly strict.  
Following this, banks must now anticipate these measures in order to abide by the new regulatory 
prudential obligations in time. 
The implementation of the Basel III reforms is part of a set of measures decided upon to reinforce the 
financial system following the 2007 financial crisis, and aims to significantly increase the quality of 
capital requirements for banks. 
This translates mainly into the following measures: 

– Increase the level and quality of capital requirements (tier one and core one); 
– Implement a leverage ratio; 
– Improve liquidity risk management tools by creating two liquidity ratios (1-month liquidity ratio 

or LCR, and 1-year liquidity ratio or NFSR); 
– Increase the prudential requirements concerning credit counterparty risk (CCR); 
– Increase oversight on market activity; 

The aim of these measures is to let banks anticipate and absorb shocks caused by future economic crises. 
In order to fulfil this objective, it is important to standardise and increase transparency in risk 
assessment methods to allow better comparisons between financial institutions. This analysis can 
be further refined by asset class or geography, furthermore highlighting the need for consistency 
between RWA.  
As a matter of fact, it is the goal of Basel III to set itself as the international prudential regulatory standard 
in the very near future. 

1.2.2. Recent evolutions: towards more standardisation and transparency 

In order to converge toward one international, prudential regulatory framework, two types of measures 
are needed: an increased transparency and a global standardization of risk control methods. 

Standardization of banking risk management practices 

The will to harmonise practices and reduce differences in RWA calculation methods (LGD, EAD, PD) 
between banks has led to a new regulatory paradigm, wherein banks now share more transparent risk 
management practices. 

Making banks more transparent 

In 2012, following the economic crisis, the European Banking Authority (EBA) introduced a new 
recapitalization analysis drill, as part of a series of measures set to restore trust toward European markets. 
This consultation brought to light the capitalization weaknesses of a number of banks, and the regulatory 
need for more transparency in banking practices. 
These efforts were followed in 2013 and, more recently, in November 2015 by the creation by the EBA 
of so-called “transparency exercises”, which aggregated large amounts of data to produce comparative 
analyses of European banks. 
These European “transparency exercises” cover a wide range of indicators that fallow key metrics: 
balance sheet management, profitability, liquidity, credit quality and performance. More and more banks 
take part in these exercises, allowing European financial markets to use common, standardised indicators 
to compare banks across a wide spectrum of metrics. 
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This standardization trend has pushed banks to reassess their RWA calculation methods and production. 
Likewise, regulators and financial analysts are now looking at the best standard indicators to accurately 
compare banks. 

From transparency to standardization: new indicators for comparative analyses 

The aim of these evolutions was to ease comparisons between banks for regulatory purposes. This has 
been the case with the implementation of the general banking review (AQR, MQR), or the creation of 
scoring indicators between banks (SREP). These initiatives pave the way for large-scale analyses taking 
into account all regulatory indicators (COREP, FINREP). 

1.2.3. Definition and formula 

In the last decade, a new indicator has been used by banks and financial analysts alike. It is called the 
RWA density ratio, or RWAd, produced by dividing the sum of weighted-risk assets (RWAcredit, 
RWAmarket, and RWAoperational) by the sum of the bank’s assets. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑦𝑦) 𝑜𝑜𝑜𝑜 𝑅𝑅𝑅𝑅𝑅𝑅𝑑𝑑(𝑦𝑦) = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑊𝑊𝑅𝑅𝑊𝑊ℎ𝑡𝑡𝑊𝑊𝑡𝑡 𝑅𝑅𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡𝑅𝑅𝑑𝑑𝑡𝑡𝑑𝑑𝑡𝑡𝑡𝑡𝑑𝑑 (𝑦𝑦)
𝑇𝑇𝑜𝑜𝑡𝑡𝑇𝑇𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡𝑅𝑅(𝑦𝑦)  

Or, for a given year y:  
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑊𝑊𝑅𝑅𝑊𝑊ℎ𝑡𝑡𝑊𝑊𝑡𝑡 𝑅𝑅𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡𝑅𝑅𝑑𝑑𝑡𝑡𝑑𝑑𝑡𝑡𝑡𝑡𝑑𝑑 (𝑦𝑦) is the sum of RWA credit, market and operational for a given year y:  

– 𝑅𝑅𝑅𝑅𝑅𝑅𝑑𝑑𝑡𝑡𝑑𝑑𝑡𝑡𝑡𝑡𝑑𝑑(𝑦𝑦) = ∑ 𝑅𝑅𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐e𝑑𝑑𝑑𝑑𝑑𝑑(𝑦𝑦) +  𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚𝑡𝑡𝑐𝑐𝑚𝑚𝑑𝑑𝑑𝑑(𝑦𝑦) + 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡𝑜𝑜𝑑𝑑𝑐𝑐𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑑𝑑𝑡𝑡𝑡𝑡(y) 
– 𝑇𝑇𝑜𝑜𝑡𝑡𝑇𝑇𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡𝑅𝑅(𝑦𝑦) is the sum of assets declared for year y 

The result is a synthetic ratio of the amount of risk taken by a bank compared to its assets. This indicator 
becomes all the more accurate in the previously explained context of transparency and standardization 
of risk calculation methods between banks. 

1.2.4. A new monitoring indicator for banks 

With a regulatory context that strongly pushes banks to improve their risk measurement methods, be it 
in terms of methodology or of parameter calibration (PD and LGD), the latter have focused their efforts 
in that direction over the last twenty years. 
Unlike the RWA, the RWA density is not a regulatory indicator. Instead, it is the creation of financial 
analysts intent on comparing risk profiles between banks. This ratio is all the more useful as it can be 
refined to cover a particular sector, region, business activity, etc. 

A strategic business dimension 

Breaking down RWAs allows for the calculation of RWA density by activity, sector, country or 
counterparty, as long as the denominator follows the same breakdown. For example, it is possible to 
calculate a sector-specific RWA density as follows: 

𝑅𝑅𝑅𝑅𝑅𝑅 𝑡𝑡𝑊𝑊𝑑𝑑𝑅𝑅𝑅𝑅𝑡𝑡𝑦𝑦 𝑅𝑅𝑊𝑊𝑠𝑠𝑡𝑡𝑜𝑜𝑠𝑠𝑅𝑅𝑇𝑇𝑇𝑇 (𝑦𝑦) = 𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑊𝑊𝑠𝑠𝑡𝑡𝑜𝑜𝑠𝑠𝑅𝑅𝑇𝑇𝑇𝑇𝑑𝑑𝑡𝑡𝑑𝑑𝑡𝑡𝑡𝑡𝑑𝑑 (𝑦𝑦)
𝑆𝑆𝑊𝑊𝑠𝑠𝑡𝑡𝑜𝑜𝑠𝑠𝑅𝑅𝑇𝑇𝑇𝑇 𝑇𝑇𝑜𝑜𝑡𝑡𝑇𝑇𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅𝑊𝑊𝑡𝑡𝑅𝑅 (𝑦𝑦) 

It is thus possible for a bank to contextualise the results of its global RWA density by providing an 
adjusted RWA density for each of its business activities, allowing to pilot its risk by activity.  
Thanks to its modular structure, banks can thus use the RWA density as a strategic monitoring tool to 
analyse key issues or challenges. 
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An evolution in banking monitoring practices 

Following increased regulatory pressures on financial markets, banks are now tasked with a complex 
exercise: manage their activity following the key objectives of liquidity, profitability, and refinancing, 
all the while managing regulatory expectations in terms of solvency, balance sheet, and risk 
management. 
To that end, the RWA density appears as a key ratio. Heavily criticised yet broadly used by investors 
and banks alike, the ratio displays its value when used in conjunction with other indicators, both external 
(i.e. credit ratings) and internal (i.e. profitability and solvency ratios). 
The cross-analyses featured in part 3 tend to confirm this assumption, which suggests a brighter future 
for RWA density as a key bank-monitoring indicator. 

1.2.5. Controversy and questions over the RWA density 

Investors were quick to pick up the RWA density as a useful synthetic indicator to direct their 
investments, a position soon picked by banks. 
However, in the last years some voices have been heard questioning both the quality of the ratio and the 
relevance of the analyses derived from it.  
Nevertheless, the aim of this article is not to question the construction of the ratio or its relevance, but 
instead to focus on its strengths, all the while mitigating its limits.   
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2. Beyond the RWA density: challenges and evolutions 

While the previous section aimed at explaining the breakdown of the RWA density, it did not detail its 
theoretical or behavioural components. The aim of this part is thus to understand the underlying 
theoretical components of the ratio and understand how it behaves, particularly during stress periods. 

 RWA density sensitivity, applied to theoretical portfolios 

While the synthetic nature of the RWA density makes it a useful comparison tool, the low number of 
indicators it encompasses can also be a weakness. Indeed, the RWA credit typically accounts for 80% 
of the RWA density (as illustrated in 4.2.1). This ratio relies on internal parameters like Probability of 
Default (PD), Loss Given Default (LGD) and Exposure At Default (EAD). Taking these parameters into 
account in the calculation of the RWA density, one could think that risks taken by financial 
establishments can easily be compared.  

However, it is possible that banks take risks of differing nature yet that their RWA density converge 
towards a similar level. The aim of this section is thus to test the sensitivity of the RWA density towards 
their internal risk parameters.  

Taking into account the fact that the RWA density essentially rest upon credit risks, our study focuses 
on credit portfolios of two fictional banks with retail exposure, but could be widened to take into account 
corporate, financial institutions or sovereigns exposures. 

Description of the bank I 

The breakdown of the portfolio of bank I is shown below. 

Table 1 Portfolio composition of the bank I 
Source: GRA 

 

This first bank is engaged in a diversified retail activity, with exposure similarly allocated within all 
services (mortgage, revolving, other retail – secured or unsecured), and it favours its good clients. For 
each activity, population is mainly split among the least risky classes (risk class from 1 to 5). 
The RWA of this portfolio (20 783€) divided by the total assets of the bank (173 188€) amounts to 
a level of RWA density of 12%. 
  

Total RWA 20 783                    
Total Assets 173 188                 
RWA density 12,00%

Mortgage

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 18% 3 600                           0,15% 10,00% 3,43% 123                               0,1%

2 23% 4 600                           0,20% 10,00% 4,25% 196                               0,1%

3 16% 3 200                           0,40% 10,00% 7,05% 226                               0,1%

4 16% 3 200                           0,75% 10,00% 10,94% 350                               0,2%

5 15% 3 000                           0,90% 10,00% 12,38% 371                               0,2%

6 6% 1 200                           1,50% 10,00% 17,30% 208                               0,1%

7 6% 1 200                           2,20% 10,00% 21,95% 263                               0,2%

Total 20 000                        8,69% 1 738                           1,0%

Other retail - secured

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 17% 3 400                           0,15% 10,00% 3,52% 120                               0,07%

2 21% 4 200                           0,20% 10,00% 4,29% 180                               0,10%

3 21% 4 200                           0,40% 10,00% 6,70% 281                               0,16%

4 18% 3 600                           0,75% 10,00% 9,45% 340                               0,20%

5 14% 2 800                           0,90% 10,00% 10,29% 288                               0,17%

6 5% 1 000                           1,50% 10,00% 12,57% 126                               0,07%

7 4% 800                               2,20% 10,00% 13,97% 112                               0,06%

Total 20 000                        7,23% 1 447                           0,8%

Other retail - unsecured

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 18% 3 600                           0,15% 30,00% 10,56% 380                               0,2%

2 23% 4 600                           0,50% 30,00% 22,87% 1 052                           0,6%

3 16% 3 200                           0,75% 30,00% 28,34% 907                               0,5%

4 12% 2 400                           0,90% 30,00% 30,88% 741                               0,4%

5 19% 3 814                           2,00% 30,00% 40,98% 1 563                           0,9%

6 6% 1 200                           5,00% 30,00% 46,93% 563                               0,3%

7 6% 1 200                           7,50% 30,00% 49,56% 595                               0,3%

Total 20 000                        29,00% 5 801                           3,3%

Revolving

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 35% 7 000                           0,90% 75,00% 28,07% 1 965                           1,1%

2 25% 5 000                           1,80% 75,00% 47,30% 2 365                           1,4%

3 20% 4 000                           3,30% 75,00% 73,01% 2 920                           1,7%

4 15% 3 000                           5,00% 75,00% 96,72% 2 901                           1,7%

5 2% 425                               7,30% 75,00% 123,06% 523                               0,3%

6 2% 384                               9,00% 75,00% 139,50% 535                               0,3%

7 1% 282                               20,00% 75,00% 208,44% 587                               0,3%

Total 20 000                        58,99% 11 798                        6,8%
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Figure 2 Distribution of RW and RWA densities – Bank I 
Source: GRA 

 

 

Description of bank II 

The breakdown of the portfolio of bank II is shown below. 

Table 2 Portfolio composition of the bank II 
Source: GRA 

 

 
Unlike the first bank, this establishment focuses its retail activity on secured products (mortgage and 
other retail – secured) and tries to minimise its loss rates regardless of the risk class of its customers. 
The RWA of this portfolio (12 820€) divided by the total assets of the bank (106 835€) amounts to 
a level of RWA density of 12%. 
  

Mortgage
8,7%

Other retail 
- secured

7,2%

Other retail 
- unsecured

29,0%

Revolving
59,0%

Risk Weighted 

Mortgage
1,0%

Other retail 
- secured

0,8%

Other retail 
- unsecured

3,3%

Revolving
6,8%

RWA density

Total RWA 12 820             
Total Assets 106 835          
RWA density 12,00%

Mortgage

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 10% 4 000                           0,10% 10,00% 2,52% 101                            0,1%

2 18% 7 200                           0,15% 10,00% 3,43% 247                            0,2%

3 12% 4 800                           0,40% 10,00% 7,05% 339                            0,3%

4 10% 4 000                           0,90% 10,00% 12,38% 495                            0,5%

5 20% 8 000                           1,50% 10,00% 17,30% 1 384                        1,3%

6 20% 8 000                           2,00% 10,00% 20,71% 1 657                        1,6%

7 10% 4 000                           5,00% 10,00% 34,91% 1 397                        1,3%

Total 40 000                        14,05% 5 619                        5,3%

Other retail - secured

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 9% 2 700                           0,10% 10,00% 2,63% 71                               0,1%

2 15% 4 500                           0,15% 10,00% 3,52% 158                            0,1%

3 15% 4 500                           0,40% 10,00% 6,70% 301                            0,3%

4 11% 3 300                           0,90% 10,00% 10,29% 340                            0,3%

5 25% 7 500                           1,50% 10,00% 12,57% 943                            0,9%

6 13% 3 900                           2,00% 10,00% 13,66% 533                            0,5%

7 12% 3 600                           5,00% 10,00% 15,64% 563                            0,5%

Total 30 000                        9,70% 2 909                        2,7%

Other retail - unsecured

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 13% 650                               0,15% 20,00% 7,04% 46                               0,0%

2 23% 1 150                           0,50% 20,00% 15,25% 175                            0,2%

3 18% 900                               1,00% 20,00% 21,56% 194                            0,2%

4 10% 500                               1,50% 20,00% 25,14% 126                            0,1%

5 16% 800                               3,00% 20,00% 29,58% 237                            0,2%

6 10% 500                               5,50% 20,00% 31,59% 158                            0,1%

7 10% 500                               8,00% 20,00% 33,49% 167                            0,2%

Total 5 000                           22,06% 1 103                        1,0%

Revolving

Class Populations  EAD PD LGD rw  RWA  RWA d 

1 20% 1 000                           0,75% 60,00% 19,50% 195                            0,2%

2 22% 1 100                           2,00% 60,00% 40,88% 450                            0,4%

3 20% 1 000                           3,50% 60,00% 60,83% 608                            0,6%

4 14% 700                               5,00% 60,00% 77,37% 542                            0,5%

5 13% 650                               7,00% 60,00% 95,93% 624                            0,6%

6 8% 400                               11,00% 60,00% 125,05% 500                            0,5%

7 3% 150                               25,00% 60,00% 180,49% 271                            0,3%

Total 5 000                           63,78% 3 189                        3,0%
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Figure 3 Distribution of RW and RWA densities – Bank II 
Source: GRA 

 

Description of the stress scenarios  

The portfolios of both banks are clearly different. Hence they are not subject to the same risks 
although their RWA density are identical. 
In order to observe the sensitivity of the RWA density with regards to internal parameters – and thus the 
risks facing each bank –, various stress scenarios are applied and allocated on a fixed-rate basis.  
Each scenario is based on the deterioration of the PD, LGD, or credit migration, allowing the 
measurement of the level of the RWA density under stress conditions. 
The basis of each scenario is presented below. 

 

The first scenario recreates the effects of a real estate crisis for each bank. The revolving portfolio is 
not affected, as it is not sensitive to the real estate market.  
In the other portfolios, credit migration towards risker credit classes can be observed. In portfolios where 
the recovery rates depend on the value of the property (mortgage and other retail – unsecured) an 
aggravation of LGD is applied; for other retail – unsecured portfolio the LGD remain steady since the 
guarantor is obliged to pay. 

 

The second scenario describes an economic crisis (rise of the unemployment rate and impact on the 
inflation) where only revolving and other retail – unsecured are impacted. So for the concerned 
portfolios, the effects are a migration of populations in the riskiest classes, an aggravation of the PD and 
LGD. 

 

The third scenario corresponds to a recovery rates stress, resulting in a worsening of LGD on all the 
portfolios. 

Mortgage
14,0%

Other retail 
- secured

9,7%

Other retail 
- unsecured

22,1%

Revolving
63,8%

Risk Weighted 

Mortgage
5,3%

Other retail 
- secured

2,7%

Other retail 
- unsecured

1,0%

Revolving
3,0%

RWA density

Real estate crisis – Impact on mortgage and other retail portfolio
• Migration of populations in the riskiest classes 
• LGD Aggravation – mortgage and other retail unsecured
• LGD stable – other retail secured 

Scenario 1

Migration - pop -2% -2% -1% 1% 1% 2% 1%

LGD 20%

Economic crisis – Impact on revolving and other retail portfolio
• Migration of populations in the riskiest classes 
• PD Aggravation
• LGD Aggravation

Scenario 2

LGD 10%

Migration - pop -5% -5% -2% 2% 3% 5% 2%
PD Aggravation 0,3% 0,3% 0,3% 0,5% 0,4% 0,0% 0,0%

Stress on recovery - Impact on all the portfolios
• LGD Aggravation

Scenario 3

LGD 10%
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The fourth scenario corresponds to default rates stress, resulting in an intensification of PD on the least 
risky classes and specific to each portfolio. 
 

 
The fifth scenario is the combination of the third and fourth scenario. 
 

 
The last scenario represents a global stress impacting all portfolios and resulting in a migration of 
populations in the riskiest classes, an aggravation of LGD and PD on the least risky categories specific 
to each portfolio. 

Analysis of the results of all stress scenarios 

Levels of RWA densities and variations observed for each scenario are the following. 

Table 3 RWA densities for each scenario 
Source: GRA 

 

In the case of the least penalising scenarios (1 to 4), RWA density levels for bank I show little variation, 
which is not the case for bank II, where these levels are heavily impacted for scenarios 1 and 3.  
This has to do with portfolio structure of both banks. Highly diversified bank I is less sensitive to one 
parameter suddenly worsening, whereas LGD aggravation on its secured portfolios lead bank II to 
double its levels of RWA density.  
Still concerning bank II, scenarios impacting non-secured activities or worsening default probabilities 
only have a minimal effect on RWA density.  
When comparing RWA density levels between banks I and II for serious, global scenarios, it is shown 
that bank I is less at risk than bank II.  
So while these banks initially show similar levels of risk, these stress exercises show that initial 
observation is not always correct. 
The synthetic nature of RWA density makes it blind to certain risk exposures or investment 
strategies taken by banks. 
In addition to the various stress scenarios, a PD stress simulation method for each risk class was 
implemented in order to verify RWA density sensitivity to stress.  
PD stress for each portfolio is defined as follows. For each risk class, the 95% quantile of PD is derived 
using Vasicek’s formula: 
 

Stress on default rates - Impact on all the portfolios
• PD Aggravation on all the least risky classes 

Scenario 4
PD Aggravation - Mortgage  0,3% 0,3% 0,3% 0,0% 0,0% 0,0% 0,0%

 PD Aggravation - Unsecured 0,3% 0,2% 0,1% 0,0% 0,0% 0,0% 0,0%
PD Aggravation - Revolving 1,0% 1,0% 1,0% 0,0% 0,0% 0,0% 0,0%

Stress on default rates and recovery - Impact on all the portfolios
• PD Aggravation on all the least risky classes 
• LGD Aggravation

Scenario 5

LGD 10%

PD Aggravation - Mortgage  0,3% 0,3% 0,3% 0,0% 0,0% 0,0% 0,0%
 PD Aggravation - Unsecured 0,3% 0,2% 0,1% 0,0% 0,0% 0,0% 0,0%
PD Aggravation - Revolving 1,0% 1,0% 1,0% 0,0% 0,0% 0,0% 0,0%

Global stress - Impact on all the portfolios
• Migration of populations in the riskiest classes
• PD Aggravation on all the least risky classes 
• LGD Aggravation

Scenario 6

LGD 10%

Migration pop -5% -5% -2% 2% 3% 5% 2%
PD Aggravation - Mortgage 0,3% 0,3% 0,3% 0,0% 0,0% 0,0% 0,0%

PD Aggravation - Unsecured 0,3% 0,2% 0,1% 0,0% 0,0% 0,0% 0,0%
PD Aggravation - Revolving 1,0% 1,0% 1,0% 0,0% 0,0% 0,0% 0,0%

RWA d - Initial RWA d Variation RWA d Variation RWA d Variation RWA d Variation RWA d Variation RWA d Variation
Bank 1 12% 17% 39% 17% 45% 16% 32% 15% 21% 19% 60% 21% 76%
Bank  2 12% 25% 106% 14% 17% 21% 75% 13% 12% 24% 96% 26% 114%

Scenario 6Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
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q(PD; x%) = 𝒩𝒩 (𝒩𝒩
−1(PD) + √R ∗𝒩𝒩−1(x%)

√1 − R
) 

– Where R is the correlation coefficient, fixed at 4% and 15% for revolving and mortgage 
portfolio respectively; and is calculated following the Basel formula for other retail portfolio: 

R = 0.03(1 − e−35∗PD
1 − e−35 ) + 0.16 (1 − 1 − e−35∗PD

1 − e−35 ) 

– Then the stressed PD for risk class 1 is simulated as a random draw of a uniform law, PDs(1) ~ 
U (PD(1), q(PD(1), 95%)). 

– For all the others risk classes i ϵ {2, 3, 4, 5, 6,7}, the stressed PD is simulated as a random draw 
of a uniform law, PDs(i) ~ U (max (PD(i), PDs(i-1)), q(PD(i), 95%)). 

The results after a thousand simulations of RWA density for both banks are presented in the figure 
below. 

Figure 4 Compared distribution of stressed RWA densities by banks 
Source: GRA 

 

Table 4 Statistics of stressed RWA densities by bank 
Source: GRA 

 

As shown previously by scenario 4 of the study, the first bank is more sensitive to stress of default 
probability than the second bank, which is reflected in its RWA density values. 
Knowing the relationship between RWA density and others financial indicators, such as external rating 
(cf. 3.1.1), variations of RWA density could help a bank anticipate the impact of a stress on its rating. 
Likewise with the implementation of SREP, a rating set by the central bank in order to grade banks 
following a regulatory method, any link between this score and the RWA density would also allow 
banks to manage and anticipate change in their rating. 
To conclude, these studies show that analyses of the changes of RWA density under miscellaneous 
stress scenarios strengthen the comparison of bank solidity, and may allow this indicator to better 
manage business activities or stress. Contrary to RWA, changes of RWA density help highlight 
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institutions showing risks that appear similar but are actually of differing natures, as well as reveal 
previously hidden or unanticipated risks. 

 Risk / Profitability cross-analysis: what can we learn from RoRWA? 

Profitability and Risk Management indicators are interesting to cross-analyse since they illustrate the 
typical trade-offs a bank must face on a daily basis – that is taking risks in order to get returns. 
The following part will therefore provide an analysis based on two sets of historical data. 

(1) Set 1 comprises 13 top European banks where key Risk Management and Profitability indicators 
have been collected for the 2006-2011 period, such as: Total Assets (TA), Net Banking Income 
(NBI), Cost of Risk (CoR), Consolidated Net Income. Those banks are included in Set 2. 

(2) Set 2 (top-20 European banks sample) includes 20 European banks, described in the following 
paragraph (cf. 2.2.1). This set will be reused for the purpose of analyses on part 3 and 4. Data 
collection comprises data collected for Set 1 (cf. above), and the following indicators: Total 
Risk-Weighted Assets (RWA), Before-Tax Income (BTI) and Return on RWA (RoRWA). 

2.2.1. Presentation of the top 20 European banks sample 

This article will capitalise on the analysis provided on the following 20-top European banks (in asset 
volumes as of 31/12/2012). Data has been collected for each banking exercise (2012, 2013, and 2014) 
from the publicly published annual reports and income statements. Analyses will be provided on 
consolidated data at group level, cross-activities / cross-entities for every bank of the sample. 
The 20-top EU banks of Set 2 respectively represent 72% (as for the 2012 exercise) and 68% (as for the 
2014 exercise) of total Risk-Weighted Assets of the Euro-Zone26. 
Below is the list of the banks comprised in the sample and their respective reference, depending on their 
home country: 

– 2 Swiss banks (CH1; CH2) 
– 2 German banks (DE1; DE2) 
– 2 Spanish banks (ES1; ES2) 
– 5 French banks (FR1; FR2; FR3; FR4; FR5) 
– 2 Italian banks (IT1; IT2) 
– 2 Dutch banks (NL1; NL2) 
– 1 Swedish bank (SW1) 
– 4 British banks (UK1; UK2; UK3; UK4) 

2.2.2. What is Return on RWA (RoRWA)? 

How to calculate Return on RWA? 

Below is the formula for Return on RWA (RoRWA): 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑎𝑎) =  𝐵𝐵𝐵𝐵𝐵𝐵 (𝑦𝑦)
𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑦𝑦) 

Where with respect to a given bank, for a given year y: 
– BTI (y) = Before Tax Income (y) = NBI (y) – Operational expenses (y) + CoR (y) – Other income and 

charges (y) 
– CoR (y) is defined as the sum of capital charges and loan loss provisions estimated by a bank for a 

given year y  
– 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑦𝑦) = ∑ 𝑅𝑅𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡(𝑦𝑦) + 𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚𝑡𝑡𝑐𝑐𝑚𝑚𝑐𝑐𝑡𝑡(𝑦𝑦) + 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡𝑜𝑜𝑐𝑐𝑐𝑐𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡𝑜𝑜𝑡𝑡𝑡𝑡(𝑦𝑦) 

 

                                                      
26 Data from the EBA transparency exercise (published in 2013 and 2015), respectively including 17 and 18 of the 
20 banks of the sample 
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This ratio links the BTI and the total RWA of a given bank, illustrating its capacity to create value 
according to the risks undertaken and translated in RWA. 
Before-Tax Income prevails on Net Income since it doesn’t take into account taxes, considered earlier 
in this article, as a dependency factor which varies according to the banks’ home country, therefore 
biasing the analysis. 

Why use RoRWA? 

As suggested in Striking the right balance between risk and return (Bain & Company, 2013), this 
indicator encompasses two key dimensions at the heart of the traditional Risk / Return banking trade-
off. 
Beyond its bi-dimensional character, the analysis of Return on RWA is interesting since Cost of Risk 
is an indirect part of the ratio. As a matter of fact, CoR is a cost item of banks’ BIT. The graph below 
illustrates in particular the allocation of costs and revenues charged to the NBI for the sample between 
2012 and 2014. 
The proportion of the cost of risk to NBI has doubled on average over the past 8 years (cf. graph below) 
and even increased to 80% for some of the banks in 2008, at a time of crisis. This is key to further the 
analysis of RoRWA. 

Figure 5 Evolution of the cumulated cost items of the NBI among the 20 banks ( set 2) of 
the sample on the 2012-2014 period 

Source: GRA 

 
According to CoR and RWA natural correlation (cf. 3.1.2), it is interesting to consider the part of Cost 
of Risk in relation to banks’ NBI. The more significant the proportion, the closer Before-Tax Income 
and RWA will get indirectly. This tends to be demonstrated in the following paragraphs. 
The analysis of historical data of set 1 – 13 top European banks between 2006 and 2011 – demonstrates 
that the CoR / NBI ratio has globally increased by an average of 63%, from 6% to 10% while CoR 
increased (in value) by an average of 52% on the period (2006-2014).  
Furthermore, as illustrated in the figure below, Cost of Risk is very sensitive to stress periods. As a 
matter of fact, in 2009, in the wake of the global financial crisis, CoR doubled over the year, while NBI 
only dropped by an average of 22.6%. 
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Figure 6 Evolution of the annual mean values of NBI and CoR / NBI between 2006 and 
2014 on 13 European banks (set 1) 

Source: GRA 

 

What is at stake for EU banks in the context of a growing proportion of CoR to NBI? 
For a given European bank, following the 2006-2014 period 

– The Net Income might drop, causing an eroded profitability over the years, especially if the NBI 
is steady over the years (e.g. above graph on period 2012-2014); 

– Profitability (NBI) could be more dependent on Risk Management policy, since correlation 
between NBI and RWA will strengthen; 

– Profitability will probably be more stress-sensitive due to the growing part of CoR in NBI cost 
items. 

2.2.3. Decoding RoRWA: how to interpret the ratio  

The following graph illustrates the evolution of RoRWA, sorted by annual amount of RoRWA for the 
top 20 European banks over the 2012-2014 period. 

Figure 7 Evolution per year and bank (set 2) of the RoRWA on the 2012-2014 period 
Source: GRA 

 
3 financial institutions stand out: UK3, IT1, IT2. Their RoRWA amplitude is the highest since they had 
to deal with negative BTI at least once between 2012 and 2014. 
Does a negative profitability imply suboptimal Risk Management? 
Indeed their RWA density levels over the period are well-above the global set average (34%) (cf. below 
table). Furthermore, when adding UK1 to the table below, it is noted that in spite of well-above average 
RWA density, this bank recorded the best risk-return ratio over the reference period. 
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Table 5 Average RWA indicators, compared over the 2012-2014 period for 4 EU banks 
Source: GRA 

 

Why are the banks’ average RoRWA so different at comparable RWA density levels? 

First of all, the analysis of these 4 banks RWA density and RoRWA challenges some common beliefs 
about how banks deal with risk-return trade-offs. As demonstrated in the stress tests analysis (cf. 2.1), 
it may not be the amount (quantity) of risks a bank is setting in its balance sheet but the type and solidity 
of portfolios (quality) that matters.  
This is consistent with UK3 indicators: this financial institution was the least risk-efficient in spite of an 
average RWA density compared to the global sample over the period; meaning some institutions with 
higher average RWA density performed better on the same time slot. 
To take the analysis one step further, the following analyses will focus on a Risk Management indicator 
revealing the quality of the risked assets held by the bank – the Cost of Risk over PNB. On the one hand 
CoR is a qualitative ratio of risk held by financial institutions; on the other hand the share of CoR in a 
bank’s NBI (stable over the period) provides a relevant indicator of banking revenues erosion. 
One must nevertheless note that the variations of the CoR / NBI ratio are driven by CoR evolutions over 
the period (cf. table below). 

Table 6 Variation averages of NBI and CoR compared over 2012-2014 for 4 EU banks 
Source: GRA 

 

Figure 8 Annual evolution of the CoR / NBI ratio per EU bank over 2012-2014  
Source: GRA 

 
CoR / NBI analysis for the global sample and over the 2012-2014 period provides some key learnings, 
especially on the set of 4 banks identified above – UK1, UK3, IT1, IT2. 
For a comparable level of RWA density, 

– Banks, RoRWA of which is negative (UK3, IT1, IT2), combine above-average RWA density 
with large CoR to NBI contribution (higher than 30%), therefore greatly exceeding the period 
average (16%). 

Banks Mean (RWA d) Mean (RoRWA)
UK3 35% -0,96%
IT1 48% -0,83%
IT2 47% 0,12%
UK1 43% 3,05%

Banks Mean Var(NBI) Mean Var(CoR)
UK3 7,47% -128,17%
IT1 -6,65% -54,62%
IT2 -6,28% -4,58%
UK1 -1,54% -49,51%
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– By contrast, UK1, for which the RoRWA was the best between 2012 and 2014, recorded the 
least volatile and important amount of CoR / NBI over the period compared to the 3 other banks. 

This suggests that for a comparable level of RWA density, Non-Performing Loans (NPL) are actually 
eroding banking profitability. Suboptimal lending policies could be a hypothesis for higher volatility in 
CoR evolution for a given bank. 

What are the key takeaways of RoRWA analysis? 

First of all, RWA density is not enough to draw fair conclusions regarding the stability or solvency of a 
given bank.  
As a matter of fact, for comparable RWA density levels, analyses of other indicators are more relevant 
– for example stability of the Cost of Risk and evolution of the share of CoR in NBI. It could be 
interesting to fine-tune this risk-return analysis with clusters defined per RWA density range, type of 
banking activity, home country etc.  
RoRWA analysis highlighted the following key learnings: 

(1) On the one hand, maintaining an average level of RWA density, ranging from 30% to 40%, 
does not imply a bank will be able to be risk-efficient and create value. 

(2) On the other hand, a bank with an above-average RWA density can be profitable if they master 
the volatility tied to their cost of risk. 

(3) As suggested in 2.1, RWA density analysis does not reveal the qualitative evolution of a bank’s 
assets; yet this might erode banking profitability, given the significant part of CoR in the 
calculation of the financial results of a bank. 

(4) At last, cost of risk is a key indicator, since it represents a growing part of the NBI’s cost items, 
particularly sensitive under stress situation. 
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3. A theoretical approach of RWA density compared to internal and 
external indicators 

Compared with other indicators, RWA density can reveal information previously unseen through stand-
alone analysis. The objective of this section is to highlight existing correlations between RWA density 
and other risk management and solvency ratios. This will further help to conclude about the importance 
and relevance of the ratio. 
Do these indicators provide the same explanatory power? Are they correlated or complementary? 
Finally, what are the key understandings and advantages to be drawn from RWA density? 

 Comparative analyses of RWA density against internal and external 
indicators 

In the following paragraph, two different key Risk Management measures will be compared to RWA 
density for a given sample of financial institutions: 

– The first indicator is credit ratings (external indicator), reflecting the credit worthiness of an 
investment, representing therefore in the eyes of the investors a good proxy of a bank’s financial 
soundness; 

– The second indicator is the Cost of Risk / Total Assets ratio (internal indicator) that is the 
expected cost of risks for a bank regarding its investments and internal data. 

3.1.1. RWA density and credit ratings 

The following study uses the data of the banks described in 2.2.1 between 2012 and 2014. Banks are 
clustered by ratings (S&P ratings). For each rating, the average RWA density, the minimum and the 
maximum are calculated and presented in below Figure 9. This helps to identify the degree of correlation 
between RWA density and credit rating per grade. 

Figure 9 Distribution of RWA density by external rating between 2012 and 2014  
Source: GRA 

 

The above figure highlights the correlation between RWA density and credit rating, yet the link is not 
obvious for each rating. Nevertheless, the average RWA density of banks for which the ratings are 
ranging from AA- to A- does not exceed 40%; on the contrary the average RWA density of banks for 
which ratings are inferior to BBB+ is well-above 40%. 
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RWA density can thus provide information about the credit worthiness of banks – at least to some extent. 
As an example, analysis of average RWAd in this sample clearly provides a vector of differentiation 
between Upper medium grade and Lower medium grade institutions. 
This is enhanced by measuring the Cramer’s V. The results are presented below in the contingency table 
resulting from the sample. 

Table 7 Contingency table between credit grade and RWA density over 2012 to 2014  
Source: GRA 

  

The degree of association between average RWAd clusters ( 40%; > 40%) and credit ratings is 
estimated to 90.2% (Cramer’s V). 
This reveals a strong connection between credit ratings – an external indicator – and RWA density 
– an internal indicator. Thus it is interesting to verify if those observations are applicable when RWA 
density is compared to an internal indicator.  

3.1.2. RWA density and cost of risk 

Cost of Risk represents the provisions held by a bank to cover payment risks, that is, credit losses and 
defaulted amounts. This is calculated as the difference between the total adjustments on impaired assets 
included in the income statement and the overall outstanding loans to customers. 
As a matter of fact this is an internal and direct assessment of a bank’s own risks. CoR fluctuations are 
particularly sensitive to the quality of credit granting processes (internal factor) or to the economic 
environment (external factor). 
The objective of this paragraph is to compare Cost of Risk and RWA density in order to estimate the 
ability of RWAd to assess internal risks for a given bank. For the sake of consistency, RWA density will 
be compared to cost of risk over total assets. The results are presented below in Figure 10. 
Here, only 19 banks are represented in the correlation study in 2014. 2012 and 2013 analysis concerned 
the full sample (20 banks). 

Figure 10 Correlations between RWA density and Cost of risk / TA per year  
Source: GRA 
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The above figure shows RWA density is highly correlated to the CoR / TA ratio for each year over the 
period, correlation coefficients exceeding 74%. As a consequence there is a strong link between those 
ratios. This is consistent with the definition of RWAd as an internal risk measurement tool. This is 
especially logical since the numerator (RWA) is generally calculated using internal risks parameters 
(PD/LGD/CCF). 
However the correlation degree is decreasing over the period. This suggests that new indicators are taken 
into account in the CoR computation, yet not integrated to the RWA density. 

 RWA density or Solvency Ratio, who to trust? 

Banks have the obligation to be permanently solvent. Hence, the use of regulatory solvency ratios was 
made compulsory.  
A solvency ratio measures the soundness of a bank’s balance sheet, and above all its capacity to meet 
its commitments at any given time. 
When comparing banks, which indicator is the most relevant and accurate: RWA density or solvency 
ratio? 

Figure 11 Comparative evolution of Solvency ratio and RWA density per bank in 2013  
Source: Annuals reports 

 
The above figure compares the evolution of RWA density and Solvency ratio for each bank of the 
sample in 2013. 
Firstly, the ratios’ ranking are not consistent with each other. Indeed, the results are sorted in ascending 
order according to RWA densities, yet the lowest solvency ratios are not systematically associated to 
the highest RWA densities. 
Secondly, solvency ratios are generally less volatile than RWA densities. As a matter of fact solvency 
ratios range between 11.7% and 20.8%, that is a range of 9.1% and a standard deviation of 2.8% whereas 
RWA densities range between 18.6% and 55.6%, that is a range of 36.9% and standard deviation of 
9.8%. 
Thirdly, RWA density appears to be a better indicator to quantify and classify banks according to their 
risks. Furthermore – contrary to the solvency ratio – it highlights banks in financial turmoil. 
RWA density variations provide a better distinction of the banks in the sample; therefore it is a 
better indicator of systemic risk compared to the solvency ratio and is closer to reality. 
Finally the comparative study of those ratios reached different conclusions: 

– On the one hand, the advantage of RWAd over the Solvency ratio lies in its ability to provide a 
global assessment of risk exposures. 

– On the other hand, the solvency ratio is above all a key indicator of financial soundness, 
providing little information about risk management. 

Conclusions need to be enhanced with the contribution of RWA density to provide a better 
understanding of regulatory requirements and risks evolutions. As a matter of fact, the major advantage 
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of RWA density is to provide fair grounds for comparison, and they amplify variations compared to the 
mere analysis of RWA, which particularly illustrates the risk management policies of banks. 

 RWA density – conclusions 

RWA density is inherently complex. As a consequence, when used as a comparative tool, the ratio can 
possibly provide for inconsistent results. Yet beyond these limitations, this ratio turns out to be an 
acceptable risk indicator, particularly when it is combined with other key risk management ratios. 
In an effort to enhance relevance and efficiency of comparative analyses, the criteria of segmentation 
should be as wide as possible: type of activity, RWA approach (standard or internal/IRB), geographical 
area etc. 
The Basel Committee is currently trying to standardise RWA calculation practices so as to avoid 
discrepancies between financial institutions, due to divergent risk assessment and / or risk control 
practices. This observation is supported by below Figure 12, showing the volatile distribution of RWA 
density across the sample in 2013. Even though the banks’ dispersion is partially caused by segmentation 
criteria, mentioned earlier, a remaining part can be attributed to each bank’s risk management policy. 

Figure 12 RWA density volatility compared to a 30% fixed value (Year 2013)  
Source: GRA 

 

A general move towards harmonised RWA practices across financial institutions would make RWA 
density more relevant since it would be less prone to the interpretation of banks. As a consequence, 
RWA density variations would be exclusively dependent on the type of assets held by banks, that is to 
say the true nature of their risk exposure. 
Unlike the solvency ratio, constantly scrutinised by investors - much to the dismay of banks that struggle 
to improve it - the RWA density emerges as an indicator both sensitive to the economic context and 
capable of highlighting the risk exposure of a bank towards its investments. 
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4. RWA densities in practice: distribution and key learnings 

After having covered the theoretical aspect of the ratio as well as its relevance when combined with 
other key indicators, the aim of this section is to analyse its performance and worth for the top-20 bank 
sample. 

 Methodology and bias 

In the interests of comparability and consistency, the data perimeter will be limited to European financial 
institutions so as to grant uniform prudential and accounting standards in the sample. 
Limits and prerequisites will be presented as a preamble to the following practical study. The analysis 
then begins with the aggregated distribution of RWA density for EU banks per year and interval over 
the 2012-2014 period. This initial analysis will highlight general movements and possible clustering 
within the sample. 
Then, an in-depth study will adjust the initial key learnings, splitting the sample into groups and 
subgroups reflecting similar behaviours over the period. 
Finally, the behavioural analysis of the variations and evolutions of the RWA density will emphasise 
the influence of dependency factors over the fluctuations of a given bank considering its business model, 
type of activity, home country etc. 

 Preamble 

It is important to properly detail the prerequisites to the study in order to seize the fundamental strengths 
and weaknesses of the ratio before drilling down into detailed analyses.  
Furthermore the major benefit of the study of RWA density lies in its granularity. The ratio is therefore 
adapted to a macro analysis of consolidated total RWA per bank as well as a sharper analysis focusing 
on the type of RWA, counterparties, exposures, geographic area etc. This granularity illustrates risk 
diversification strategies for a given financial institution and provides a better understanding of the 
variations of its total RWA over time. 

4.2.1. RWA for credit risk, key driver of the variations of total RWA  

This aim of this paragraph is to observe the sensitivity of total RWA variations towards their 
composition. 
The following part will focus on the first level of decomposition presented in 1.1 that is RWA for credit, 
market and operational risks. 
The average composition of total RWA is presented below per year over the period. 
In Figure 13 below, the total amount of RWA equals 97% every year since RWAOther are not taken into 
account here nor in the following study. The share of RWAOther varied from 1% to 3% between 2012 
and 2013 and remained stable at 3% from 2013. 

Figure 13 Average allocation of RWA per type and per year 
Source: GRA 
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Figure 14 Average RWA density per year 
Source: GRA 

 
 

Firstly, Figure 14 (above) shows that allocations of RWA did not change over the period, suggesting 
these proportions would remain stable over time, unless drastic changes deeply impacted the foundations 
of financial institutions or the economic environment. 
Secondly, RWA for credit risk seem to predominate the overall amount of total RWA. Indeed its average 
proportion is close to 80% over the period, indicating its variations will strongly affect the RWA density. 
This suggestion is confirmed in Figure 15 (below). 

Figure 15 Annual evolutions of RWA components per bank over the period  
Source: GRA 

 

As stated earlier, RWA for market risk remain stable between 2012 and 2014 for every bank of the 
sample, regardless of their type of activity or geographical area. This, combined to the low share of 
RWAmarket to the total amount of RWA, adds weight to the statement that RWA for market risk 
do not drive inter- and intra-banks variations of RWA. 
Lastly, the majority of the least retail-oriented banks (for which the contribution of retail to NBI < 40%) 
has the lowest RWA densities due to their limited exposures to credit risks, which are not compensated 
elsewhere by other higher risk exposures. 
As a matter of fact, RWA for credit risk dominate and drive the variations of total RWA for any 
bank, regardless of its type of activity. Nonetheless, while RWAmarket are smaller in volume, their 
variations relative to RWAd are not to be underestimated, as shown in Figure 16.  
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Figure 16 Average y-o-y changes of RWA density between 2012 and 2014 
Source: GRA 

 

4.2.2. Limits in the comparative study of RWA density 

Prior to the comparative study of RWA in the sample, it is crucial to consider the following points: 
– « Grey areas » can limit the comparison; 
– Dependency factors may impact variations and therefore skew comparative analyses, such as 

comparisons between two banks with different home countries that have different accounting 
standards and economic contexts. 

« Grey areas » 

In this article, a “grey area” represent components of the ratio, the impact of which is non-existent or 
questionable. As a consequence it appears as a limitation of the ratio. 
The questionable structure of the ratio: non-aligned numerator and denominator 
The first noticeable “grey area” involves the denominator of the ratio. As described in 1.2.3, the 
denominator only seizes on-balance-sheet assets. 
Yet capital requirements related to RWA for credit risk are impacted by off-balance-sheet exposures 
therefore not covered in the denominator. 
Adjusting the ratio could be a rectification as suggested in a recent article (Bruno, Nocera and Resti, 
2014). The adjusted ratio is the so-called RWAEAD, defined for a given year y as follows: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑦𝑦) =  𝑅𝑅𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑦𝑦)
𝑅𝑅𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑦𝑦)  

This adjusted indicator divide risks (in the numerator) by its corresponding exposure (in the 
denominator) with no grey areas. 
RWAEAD strategically focuses on both credit risks and exposures, representing almost 80% of total 
RWA in the Euro-zone and therefore driving the variations of consolidated RWA. 
The components of the ratio 
As a synthetic indicator, RWA density cannot possibly encompass every strategic dimension of a 
financial institution. Instead it aims at highlighting the ability of a bank to manage its balance-sheet 
(Balance-Sheet Management) against the corresponding share of risk-weighted assets (Risk 
Management). 
However, RWA density does not take into account liquidity or profitability components, two strategic 
dimensions particularly relevant for financial institutions in the current context.   
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Dependency factors 

Following a historical study27 of 50 European banks between 2008 and 2012, the dependency factors 
mentioned below are proved to show the highest correlation with RWA density over the reference 
period. 
Dependency factors are mentioned below in a synthetic and non-exhaustive way.  
Internal dependency factors depending on  

– the business model, defined as the size of the bank balance sheet, the asset mix or the asset 
management strategy (e.g. deleveraging); 

– the type of activity, share of revenues of retail activities to the total NBI or domestic market 
dependence; 

– RWA calculation methodologies, standard or IRB approaches. 
Externals or idiosyncratic factors, such as 

– prudential factors impacting the accounting valuation of the on- and off-balance-sheet 
(denominator) or the calculation of RWA (numerator).  

– contextual or macro-economic factors, as economic turmoil (identified through the analysis 
of the GNP variations y-o-y) or national crisis impacting banking activities (e.g. sovereign debt 
crisis affecting Spanish and Italian banks). 

  

                                                      
27 Bruno, Nocera, Resti (2014) The credibility of European banks’ risk-weighted capital: structural differences or 
national segmentations, European Banking Authority 
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 Key learnings – Analysis of the distribution of historical RWA density 

This part focuses on the description of the distribution of the top 20 European banks over the 2012 – 
2014 period, and then highlights a first differentiation factor between banks: their type of activity.  

4.3.1.  Preliminary analysis: distribution of the sample over the 2012-2014 period 

 

 

 
A first group clusters around the [25%-30%] 
interval. A secondary group (5 banks) spreads 
between 40% and 60%.  
The range28 of the sample is 39% with an average 
RWA density of 32.7%. 

2013 distribution 
The tendency is bull compared to 2012.  
There is a migration of the banks to a higher interval 
[30-35%]. 
The range drops to 37% and the average RWA 
density increases to 34.5%. 

2014 distribution 
The bull tendency softens. Banks migrate from the 
extremes to an average interval [25%-35%]. 
The range is reduced to 35%. The average RWA 
density increases to 35%.  

2012 – 2014 cumulated distribution 
RWA densities grew by an average 10.10% 29 
between 2012 and 2014. 
Year 2013 has been the largest contributor to this 
increase, contrary to year 2014 which shows a 
deceleration on a global scale (2.95%). The average 
RWA density of the 20 banks in the sample is 34%. 
 

The above figure shows the aggregated distribution over the 3-year period is close to the one from 2014.  
After a general decrease of RWA density from 2008 to 2012 (Bruno, Nocera, Resti, 2014), there is a 
reversal of the trend from 2012 to 2013, slowing down in 2014. 
During the analysis, these evolutions will be questioned: 

– What are the main contributors to this trend (numerator, denominator)?  
– What does it imply for the banks’ strategies?  
– Are these evolutions suffered or embraced by banks? 

This article questions the capacity of RWA to detect, amplify or even anticipate the results of banking 
risk policies, since the ratio reflects extreme behaviours. For example the fat tail effect of the distribution 

                                                      
28 Differences between extrema (maximum – minimum) of the sample 
29 This stands for the average of the variations calculated as such: for each banks the variations of the RWA density is calculated 
on the 2012-2014 period as a percentage of the RWA density (2012). Then the average variation (2012-2014) is calculated. 
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of RWA density over the 2012-2014 period, which concentrates an average 10% of the sample in the 
extreme [50%-60%] interval. 
This strengthens the assessment made in 2.1: RWA density is a precious stress-testing tool since it is 
highly stress-sensitive. 

4.3.2. Key learnings: distribution of the average RWA density per type of activity 

As suggested in the analysis of the annual distribution, the sample is split into two sets of banks: 
– Banks where the average RWA density over the period is higher than 40% from 2012 to 2014 

with a global bullish trend. 
– Banks where the average RWA density over the period is lower than 40% with a trend stable to 

bearish. 
Indeed between 2012 and 2014 banks, both sets of banks remained in their respective intervals (> 40%; 
 40%). 

Figure 18 Average RWA density (2012-2014) per interval (> 40%;  40%) 
Source: GRA 

 
The figure above illustrates the distribution of the two sets and compares their respective average RWA 
density between 2012 and 2014.  
Banks where the annual RWA density is lower than 40% between 2012 and 2014 (15 banks) 

– The average RWA density of these banks over the period is 29%. 
– The range is 23%, suggesting the dispersion of the sample, which is possibly explained by the 

diversity of banks (e.g. home countries) and the size of this set. 
Banks where the annual RWA density is higher than 40% between 2012 and 2014 (5 banks) 

– The average RWA density of these banks over the period is 48%. 
– The range is 15%. 

It is worth mentioning that Italian and Spanish banks are over-represented in this subgroup, confirming 
the influence of the type of activity – one of the dependency factors mentioned above. This confirms 
that some banks are especially impacted by the context of their home country, especially if these banks 
are focused on local activities and/or are retail-oriented, as is the case here. 
At this point, the analysis of the RWA density highlights and distinguishes both internal and external 
factors causing variations of risks. 

(1) Variation of the RWA density clearly and sharply illustrates the effect of the risk on the banks 
where systemic risk prevails over idiosyncratic risk. These financial institutions are less 
sensitive towards internal risk management / control actions – e.g. in Italy and in Spain – due to 
their strong dependence on the economic conditions of a country or geographical area. The 
actions to be taken to curb risks are necessarily more intense. 

(2) The converse is also true. Banks where idiosyncratic risk prevails on systemic risk have a 
stronger sensitivity to internal risk management actions due to their lesser reliance on the 
economic climate. 
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 Distribution of the sample from various perspectives 

This part will refine the above analyses by taking into account the « type of activity » for banks. As 
mentioned in 4.2.2, « business model » and « type of activity » are important drivers of the RWA density 
distribution: the more retail-oriented a bank, the higher its RWA density (above 40%). The converse is 
true.  
The following analysis relies on these statements to describe the evolutions of RWA density of financial 
institutions depending on their type of activity. The type of activity will be defined in the following 
paragraphs as the proportion of the revenue of the retail activity to the total NBI. 

4.4.1. Distribution of the sample per type of activity 

The type of activity is defined for each bank by considering the contribution of their retail activity to 
their annual NBI. It is worth mentioning that none of them have changed from one category to another 
over the period. 
The 3 categories are the following:  

– 1) Contribution of retail activity < 40 % of NBI (6 banks) 
– 2) Contribution of retail activity between 40 % and 60% of NBI (8 banks) 
– 3) Contribution of retail activity > 60 % of NBI (6 banks) 

Comparing annual average RWA densities per group and year over the period confirms business model 
(type of activity) is a differentiating factor in the analysis of RWA density. 

Figure 19 Average RWA density per type of activity and per year 
Source: GRA 

 

The above figure demonstrates the following facts: the more retail-oriented the bank, the higher its RWA 
density and the lesser its volatility. Indeed, RWA densities almost stagnated on average for category 3 
(+1% between 2012 and 2014) whereas the average trends were bullish for banks of category 2 (+2.2%) 
and category 1 (+4.6%). 
By contrast, the least retail-oriented banks – that is banks from category 1) where retail activity 
represents less than 40% of the annual NBI – recorded the lowest average annual RWA density over the 
period. The average RWA density of the category over the 3-year period is 27%. 
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Table 8 Comparison of the standard deviation per type of activity and per year  
Source: GRA 

 

However the above table illustrates the great heterogeneity within category 3 compared to the other 
categories – that is banks where the retail contribution to the NBI is the greatest. 
A further analysis of the banks composing category 3 shows that the range of the average RWA densities 
over the 2012-2014 period is 32% (the minimum is 24%; the maximum is 56%), confirming the above 
suggestion. 
This is a counter-intuitive result in direct correlation with the business model of banks. Indeed, as 
mentioned earlier: the greater the contribution of the retail activities to the NBI, the higher the RWA 
density. As a matter of fact those banks are more diversified, therefore they are expected to hold less 
risks. Though the least retail-oriented banks show the lowest RWA densities. 
An explanation could be a poor assessment of their concentration risk. Basel formulas are indeed defined 
for diversified portfolios. As a matter of fact, if concentration risk is not taken into account, RWA are 
under-estimated. This may help to explain the large year-on-year variations observed previously.  

4.4.2. Distribution of RWA density average per group and subgroup  

The previous analysis (cf. 4.4.1) relied on RWA density average, aggregated per year and per type of 
activity. To further this analysis, the below figure describes the composition of each category (type of 
activity). 

Figure 20 Average RWA Densities (2012 – 2014) per bank and type of activity 
Source: GRA 

 

High degree of heterogeneity among banks of the 3rd category 

This confirms the initial findings, expressed in 4.4.1, regarding the heterogeneity of banks of category 
3, the most retail-oriented banks. 
This also suggests that a complementary perspective of analysis could help to provide more 
homogeneous categories (cf. last paragraph). 
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“Home country” dependency factor: illustration with Italian and Spanish banks 

Italian (IT2 and IT1), Spanish (ES1 and ES2) and British (UK1, UK2 and UK3) banks hold 
systematically the highest RWA densities in their respective category. 
This highlights a dependency factor mentioned in 4.2.2 that is the sensitivity of a financial institution to 
the macro-economic environment of its home country, especially when its activities are mainly local 
and retail-oriented, such as IT1, IT2, ES1 and ES2.  
These banks are even more affected by the economic growth of their home country as any shock or 
economic recession would impact their RWA density. 
This is the case for European banks, especially in Spain and Italy where the average variation of the 
GNP between 2012 and 2014 is negative (respectively -0.51% and -0.46%). Furthermore the sovereign 
debt crisis had a massive impact in those countries. 
However, these arguments do not apply to British banks, where extreme results and variations over the 
period seem close to those of Spanish and Italian banks. Indeed, the annual average y-o-y variation of 
GNP between 2012 and 2014 is among the best of the European Union.  

Segmentation of the existing groups into homogeneous subgroups 

As suggested above, the distribution of average RWA density per bank and type of activity clearly and 
distinctly distinguishes banks where average RWAd are superior to 40%, regardless of their type of 
activity.  
Only banks where retail activity contributed to more than 60% of the NBI (category 3) present RWAd 
higher than 40%.  
Therefore, crossing « type of activity » and « RWA density range (> 40% or ≤ 40%) » makes it possible 
to create 2 groups (according to RWA density range) respectively split into 3 and 2 subgroups (according 
to the type of activity). These groups are presented in the table below. 
In the following paragraphs, groups and subgroups identified in the table below will be named as such 
in the interests of clarity and coherence. 

Table 9 Sample segmentation: list of groups and subgroups  
Source: GRA analysis 

 

RWA density range (> 40%; ≤ 40%) splits the sample into two distinct, though heterogeneous groups. 
Type of activity refines the group segmentation and splits each group into subgroups. It is consistent 
with the previous findings demonstrating that the business model (or type of activity, expressed as the 
contribution of retail activity to the NBI) is a major dependency factor and is a key driver of RWA 
density trends.  
  

# banks
groupe 1 RWA density   40% 15
subgroup A 1) Retail <40% of NBI 6
subgroup B 2) Retail 40%-60% of NBI 6
subgroup C 3) Retail > 60% of NBI 3
groupe 2 RWA density  > 40% 5
subgroup D 2) Retail 40%-60% of NBI 2
subgroup E 3) Retail > 60% of NBI 3

20global sample (set 2)
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4.4.3. One step further: what is the contribution of the subgroup analysis? 

The following part studies key variation figures by group (type of activity) and subgroup (RWA density 
intervals). 

Table 10 Key figures by subgroup 
Source: GRA 

 

It is worth noting that the RWA density range should be larger in the largest subgroups. However 
subgroup E – including only 3 banks – shows a range of 13% over the period, which suggests a more 
heterogeneous subgroup than expected. 

A global bull trend 

The detailed subgroup analysis confirms the bull tendency observed in 4.3.1 on the global sample 
distribution between 2012 and 2014. However this is not true for every subgroup, such as subgroup E, 
where RWA density has dropped by an average of 6% between 2012 and 2014. 
The analysis of Figure 21 below shows that two banks especially from subgroup E had their RWA 
density fall by more than 10% between 2012 and 2014. 

2014, the standard for RWA density repartition and average over the reference period 

The analysis of RWA density per group and subgroup confirms the statement made following 4.3.1: the 
distribution and trends observed in 2014 are representative of those observed between 2012 and 2014. 
In the case of subgroups A and E, the 2012-2014 average is the farthest away from the 2014 average 
whole respectively showing the largest range in the sample. This implicates that the corresponding banks 
display more volatile RWA density over the period.  
This will be addressed in the following paragraph. 
  

# banks Average
(2012-2014)

Average 
(2014)

Range Average var. 
(2012-2014)

group 1 RWA density   40% 15 29% 31% 23% 14%
subgroup A 1) Retail <40% of NBI 6 27% 30% 23% 21%
subgroup B 2) Retail 40%-60% of NBI 6 31% 32% 14% 7%
subgroup C 3) Retail > 60% of NBI 3 30% 31% 9% 12%
group 2 RWA density  > 40% 5 48% 47% 15% 0%
subgroup D 2) Retail 40%-60% of NBI 2 46% 47% 9% 8%
subgroup E 3) Retail > 60% of NBI 3 50% 47% 13% -6%

20 34% 35% 39% 10%global sample (set 2)
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 Behavioural analysis of the sample 

4.5.1. Methodology and definitions 

RWA density variations – observed and analysed below – will confirm or challenge results and 
suggestions provided in the foregoing paragraphs. 
The figure below contextualises the range and movements of every bank in the sample between 2012 
and 2014 each respectively compared to its subgroup average and to the global sample average over the 
period. In figure 21, banks are split into groups and subgroups: 

– Banks with irrational behaviour over the period are framed in red; 
– Banks with rational behaviour are presented with no frame. 

A rational behaviour is described for a bank as a homogeneous evolution of its RWA density over the 
period compared to its group and / or subgroup. Here are some examples of rational behaviours for a 
given bank b: RWA density variations clustering around or towards its group or subgroup average.  
An irrational behaviour is described for a bank as a heterogeneous variation (no correlation) or 
opposite fluctuation (negative correlations) compared to its group and / or subgroup. Here are some 
examples of irrational behaviours for a given bank b’: range well above the period average, variations 
towards the extrema of the sample, variations negatively correlated to the average of its group / 
subgroup. 

Figure 21 Banks’ behaviour per group and subgroup 
Source: GRA 

 

Rational behaviours identified on the global sample over the period 

The above figure shows two types of rational behaviour among the banks of the sample across the 
period: 

(1) Banks where the RWA density varied towards the average of their respective subgroup 
There is a clear effort of those banks to bring their RWA density closer to the average of their subgroup. 
This applies in particular to banks belonging to subgroups B, C and D (excepting DE2), where the 
distribution per subgroup in 2014 is globally clustered around their respective average. 
However, it is noticeable that the range of this type of banks varies widely depending on the financial 
institution and may reach up to 10% in some cases. 

(2) Banks where the RWA density fluctuated towards the average of the global sample 
This is illustrated by banks belonging to subgroup A (such as CH1, UK3 and UK2) and subgroup E (IT2 
and ES1). These banks also display the largest range over the period proving, in some cases, strong 
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efforts to reduce (e.g. IT2 and ES2) or align their RWA density (e.g. UK2 and CH2) on the average of 
the global sample. 

Irrational behaviour identified on the global sample over the period 

This applies to CH1 and ES2, where the RWA densities respectively correspond to the global sample 
minimum and maximum in 2014. 
Variations of the RWA densities of these banks over the period are considered irrational for two major 
reasons: 

– Considering the extreme positioning of these banks within the global sample in 2012, their 
variation opposite to the trends of their subgroup – though moderate – resulted in a greater 
disparity between them and the rest of the sample.  

– In addition, these fluctuations contributed to widen the gap with their respective subgroup 
peers. 

These irrational behaviours may be rationalised or at least contextualised by a further analysis, taking 
into account internal indicators (others key indicators, balance sheet and income statements analysis) as 
well as external indicators (regarding the economic situation, the regulatory context). 

4.5.2. What are the lessons from the behavioural analysis? 

Although this analysis apparently gives elements to rationalise the variations of RWA densities of banks 
over the 2012-2014 period, two banks in particular show behaviours deemed “irrational” since they 
cannot be explained with the available information presented in this article. 
Therefore, as subtle and useful as it is, the RWA density cannot explain everything; though it provides 
a first level of analysis, to be further completed with other chosen indicators. 
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 Trends between the RWA density, total assets and cost of risk 

Following the analysis of the trends and evolutions of RWA densities between 2012 and 2014, this 
paragraph will compare these against total assets and Cost of Risk evolutions. 
The figure below shows the respective evolutions of total assets per type of activity and per bank. 

Figure 22 Compared evolutions of total assets 
Source: GRA 

 

Considering banks for which the activity is the least retail-oriented (category 1), total assets witnessed 
a downward trend. This may be attributed to a diversification of the bank’s activities focusing on retail 
or to a balance-sheet reduction aiming at deleveraging, that is, getting rid of risky assets.  
Considering banks where the activity is moderately to largely retail-oriented (categories 2 and 3), total 
assets are generally either stagnating or slightly increasing. This suggests those financial institutions are 
willing to diversify their activities. 
The figure below refines the analysis by combining for each bank the evolution of RWA density with 
the evolution of total assets per year, so as to identify year-on-year strategies. 

Figure 23 Comparative analysis of the variations of RWA densities (in %) and total 
assets (in Billion €) per type of activity, per bank and per year  

Source: GRA 

 

0

500

1 000

1 500

2 000

2 500

UK1 FR1 DE1 FR2 UK2 UK3 FR3 ES1 FR4 NL1 UK4 CH2 CH1 IT1 NL2 FR5 SW1 ES2 IT2 DE2

Evolution of total assets (Bn €) per bank and year between 2012 and 2014

2012 2013 2014

1 568

1 156
898

1 338
1 087

865

1 370
1 168

911

1) Retail <40% du PNB 2) Retail 40%-60% du PNB 3) Retail > 60% du PNB

Average assets per year and type of activity

2012 2013 2014

 -

  500

 1 000

 1 500

 2 000

 2 500

0%

10%

20%

30%

40%

50%

60%

2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014

NL1 FR5 FR4 ES1 IT2 ES2

3) Retail > 60% du PNB

 -

  500

 1 000

 1 500

 2 000

 2 500

0%

10%

20%

30%

40%

50%

60%

2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014

DE1 CH1 FR2 CH2 UK2 UK3

1) Retail <40% of NBI

 -

  500

 1 000

 1 500

 2 000

 2 500

0%

10%

20%

30%

40%

50%

60%

2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014 2012 2013 2014

FR3 SW1 NL2 FR1 UK4 DE2 UK1 IT1

2) Retail 40%-60% of NBI1) Retail < 40% du NBI 2) Retail 40% - 60% du NBI

3) Retail > 60% du NBI

RWA density 2012

RWA density 2013

RWA density 2014

Total Assets (Billion €)



© Global Research & Analytics Dept.| 2016 | All rights reserved 

  185 

RWA densities variations are following an upward trend between 2012 and 2014. Yet it does not reflect 
the balance sheet management strategy of financial institutions. Generally speaking, when a bank is 
reducing the overall volume of its investments, it is likely that it will first get rid of its riskier assets. As 
a consequence, the RWA density should drop or stagnate.  
On the contrary, when total assets increase while RWA density declines or remains stable, then the bank 
adopts an investment strategy aiming at risks reduction. 
The figure above shows irrational variations, which suggests that these increasing levels of RWA density 
could be attributed to: 

– methodological changes in the internal calculation methods; 
– tightening regulatory requirements; 
– a suboptimal credit policy where a bank would grant a credit to a client considered as risk-free 

whereas it is risk-generating according to internal models. 
These findings are consistent with the evolution of Cost of Risks over the period (cf. Figure 24 below), 
following a bullish trend, yet in contradiction with the bearish RWA trend between 2013 and 2014. 

Figure 24 Evolution of the average Cost of Risk (in M€) per type of activity  
Source: GRA 

 

What may be understood from the graph above is that, over the last few years, the increase in RWA is 
not solely a consequence of the larger amount of risks taken on by banks, but is actually mostly caused 
by the regulatory transition from Basel II to Basel III. 
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Conclusion 

As a conclusion, financial institutions have often put RWA density in the background. The composition 
of the numerator, the calculation methods of which vary from bank to bank, could explain this mistrust. 
Nonetheless, once its limits and constraints have been understood, it is possible to use this indicator with 
ease, and its conclusions greatly increase in relevance. This ratio makes it possible to identify early on 
– detection principle – European banks where the activity is more adversely affected by the 
macroeconomic environment and / or by their investment strategies. Furthermore, RWA density proves 
to be complementary to the solvency ratio, the combined analysis of which can reflect the banks’ Risk 
Management philosophy – transparency principle. 
Moreover, in a regulatory context aiming at harmonizing risk management practices, RWA density will 
probably become increasingly popular since its major known weaknesses would be addressed (sharp 
reduction in its sensitivity towards other internal risk parameters). In addition and from an internal point 
of view, the sensitivity of the ratio makes it more responsive towards economic downturn scenarios – 
anticipation principle. As a matter of fact, it could be used as a stress-testing tool. 
Finally, now that the relevance of RWA density has been demonstrated, it could be strengthened if used 
with other indicators: liquidity, profitability, solvency or risk management – complementarity principle 
– so as to precisely interpret the strategies of financial institutions and provide fair grounds for 
comparison from the investors’ point of view – comparability principle.  
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