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This is the second article in this series on Cloud-based technologies 
and the role they can play in reducing the cost of regulatory 
compliance for the banking industry. In the first article, I presented a 
credit risk and integrated stress testing framework which meets the 
regulatory requirements for stress testing and reverse stress testing.

In this article, I will illustrate it with an application; however, I should emphasize that this application of the 
framework isn’t meant to be the focus of this series; to the contrary, it is completely incidental. The primary 
objective of this series of articles is to illustrate the resources made available by open-source analytical 
technologies and Cloud-based database platforms to the banking industry, which can significantly assist banks 
in becoming much more efficient in deploying capital and financial resources. More specifically, I believe that 
these technologies are fully equipped to enable banks to reduce the cost of regulatory compliance by shifting 
the burden of model development, validation, and maintenance to a specialist group of financial engineers 
and Cloud computing and security experts. What this article is meant to convey is: The development and 
maintenance of a sophisticated model, such as the one presented in this article, is not the primary challenge; 
instead, the challenge lies in ensuring a safe and secure database environment. This will be the subject of my 
next article, where I present a complete Cloud-based solution which can incorporate model development and 
database architecture.  

Finally, since this series of articles isn’t meant to be heavy on technical or mathematical details, I have provided 
a list of papers at the end of this article that discuss the current industry and regulatory thinking on credit 
risk modeling and the measurement of systemic credit risk. The details set forth in these papers can be 
easily incorporated in the framework presented here. A brief summary of each paper is also provided for the 
interested readers.

The Framework Revisited
The components and sub-components of the credit risk modeling framework were discussed in the first 
article and are reproduced in Figure 1. As sophisticated as this framework may appear, banks only need to 
be concerned with the data they need to contribute to the framework. This data set is very specific. In this 
framework, it consists of Exposures Data and Issuer or Borrower Data as shown in the top section of Figure 1. 
All other data, including those related to market spreads, discount curves, volatilities, industry correlations, and 
recovery rates, can be maintained and supplied by the model developers. The simulation engine and reporting 
dimensions are a common feature of credit risk models. It can, therefore, be argued that the bulk of this 
framework represents a standard set of data and analytical tools which can serve as a common environment 
for a wide set of banks. The flexibility provided by the simulation and reporting engine enables even banks with 
non-traditional bond and loan portfolios to tap into this environment. In addition, multiple sets of correlation and 
recovery data can be maintained by the model developers to account for geographical and portfolio nuances. 
By separating the model design and analytical environment from the datasets, banks can deploy more internal 
resources to focus on the data quality of their balance sheets. 
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Figure 1: Credit Risk Modeling and Integrated Stress Testing Framework
 

Figure 2 illustrates the versatile nature of the model design and analytical environment. The richness, relevance, 
and quality of the model output are not a function of the model design; rather, they depend entirely on the data 
supplied. The portfolio loss distribution, for example, can be driven by historical default information or be driven 
by market data, which would provide a forward-looking view of the potential portfolio losses and further insight 
into either hedging the entire portfolio or any specific exposures. Market-wide stress testing can be simulated 
via stress testing the industry correlation matrix and/or the industry default probabilities. Once the portfolio loss 
distribution is fully simulated, the risk measures, such as the credit value-at-risk, the credit expected shortfall, 
and the economic capital, can be directly computed from the loss distribution.  
Finally, portfolio-specific stress tests require an analysis of the specific market sensitivities of the bond and loan 
portfolio. This analysis can be done using a standard regression model or the step-wise regression analytics I 
presented in an earlier post. Please refer to my article “Hedge Fund Returns Replication in Python”. 
I will  clearly illustrate all these elements of the model design in the next section.

Figure 2: The Model Design Dimensions
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The Application
The primary output of this and similar credit risk and integrated stress testing frameworks is the simulation of 
the portfolio loss distribution. In the framework presented in this article, the portfolio loss distribution expresses 
the joint distribution of defaults of the borrowers in the portfolio. Computing the joint default distribution, in 
turn, depends primarily on the individual default probabilities of the borrowers and on the pair-wise correlation 
between every pair of borrowers. The correlation structure and individual default probabilities will drive the joint 
default behavior of the borrowers in the portfolio. 

The Copula approach allows us a great deal of flexibility in simulating the joint distribution of defaults. A copula 
is essentially a multivariate distribution which joins the default probabilities of the individual borrowers with 
the correlation structure among these borrowers. One of the great advantages of using a copula in the model 
design is that it allows us a good degree of freedom in simulating the tail of the loss distribution and, therefore, 
in measuring the extreme losses of the portfolio.

However, the choice of copula is not the only factor controlling the left-tail of the loss distribution; there are 
equally important technical considerations which directly impact the clustering of extreme losses in the left-tail 
of the distribution. One of these considerations is the source of default probabilities; that is, whether the default 
probabilities of the individual borrowers are derived from historical data or are implied from market spreads. 
The framework illustrated in Figure 1 is indifferent to the source of default probabilities, leaving ample room for 
creativity in the model design and desired output. For example, economic capital calculations require the use of 
market spreads to derive default probabilities, while historical rating-based default probabilities may suffice for 
regulatory purposes.  

The portfolio I chose to illustrate the framework consists of fifteen investment-grade corporate bond issuers 
distributed over 5 industry groups; namely, technology, healthcare, insurance, retail, and energy. The details of 
the issuer names, along with the rating of each issuer and the industry distribution, are shown in Figure 3. 

Several bonds were selected for each issuer and an equal amount of USD 5MM was invested in each bond. 
The bonds’ maturity profile ranges from 2 to 6 years and the weighted average maturity of the portfolio is about 
3 years. The total portfolio exposure is USD 240MM. The issuers have an average pair-wise correlation of 60%. 
The complete industry correlation matrix is shown in Figure 4. The correlation parameters in this matrix reflect 
the economic conditions which were prevalent during 2008 and 2009. Two scenarios were simulated, a base-
case scenario and a stress scenario. The default probabilities of the individual bond issuers in the base-case 
scenario were derived from the prevailing market spreads at the time of the simulation. On the other hand, the 
default probabilities used for the stress scenario were derived by a careful simulation of the investment-grade 
corporate spreads using the step-wise regression technique referred to earlier and elaborated on further below. 
Given these parameters, the credit loss distribution of the portfolio was simulated for the full life of each bond.

Figure 3: The Portfolio Details
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Figure 4: The Correlation Matrix

 

The Base-Case Scenario Analysis
The portfolio loss distribution of the base-case scenario is shown in Figure 5 along with the portfolio loss 
statistics. The clustering of extreme losses at the very edge of the distribution in this scenario is mainly driven 
by the prevailing market spreads at the time of the simulation. For this portfolio, the modeling of default 
probabilities is driven by the desire to compute the current economic capital, which requires the incorporation 
of volatility spreads and justifies the use of market driven default probabilities.

Figure 5: the Portfolio Loss Distribution
 



© www.btrm.org Page 6

The Stress Scenario Analysis
Stress scenarios provides ample room for creative thinking. Nonetheless, they still need to be governed by 
sound statistical rules. The framework is flexible enough to accommodate many dimensions for stress testing, 
from stress testing a single bond issuer to performing a market-wide stress test. This portfolio is particularly 
difficult to stress test because of its high quality, as evidenced by the ratings of the issuers. It seems that a 
market-wide stress test is the most relevant test to perform. One way to go about this is to simulate the spread 
volatility of an investment-grade index such as the 5-year US CDX Investment Grade Index. 

The aim of the simulation is to link the spread volatility of the index to the macro and financial risk factors 
which may, in turn, influence the credit risk of the portfolio. The simulation of the 5-year US CDX Investment 
Grade Index was obtained by using the step-wise regression analytics, as illustrated in my earlier post “Hedge 
Fund Returns Replication in Python”. Figure 6 below shows the results of the simulation. I used the index data 
from January 2012 to March 2014 (the in-sample period) to link the index to market risk factors and calculate 
the incremental impact of each factor on the index. I then used the same incremental impact of each factor 
to run an out-of-sample test during the financial crisis period: January 2008 to March 2010. The economic 
linkages between the index and the market risk factors proved to be highly stable as shown in Figure 6. With 
this simulation, we can analyze the likely risk transmissions which this portfolio may experience. In addition, 
the simulation provides enough clues to the type of reverse stress tests which would be appropriate for this 
portfolio.

Figure 6: Simulation of the US CDX IG Index - Risk Transmissions
   

With this in hand, a market-wide stress test was performed on this portfolio. The results are shown in Figure 
7. The figure demonstrates the stress-based portfolio loss distribution and the base-case loss distribution to 
facilitate a direct comparison. Compared to the base-case scenario, the portfolio loss distribution of the stress 
scenario shows much fatter tails and more clustering of extreme losses at the 97.5% confidence level. The 
expected loss (EL) increased from 1.96% of the portfolio notional to 11.7%. 
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Figure 7: Illustration of a Market-Wide Stress Scenario Impact

 

Final Thoughts

I’d like to emphasize once more that the application and analyses presented in this article are incidental to the 
primary objective of this series, despite the sophisticated nature of the model design. The primary objective 
here is to provide a Cloud-based analytical platform that banks can utilize to meet regulatory requirements. I 
chose to demonstrate this with a model framework for credit risk and integrated stress testing, to negate the 
general perception that this particular model framework is too complex. The entire framework presented in 
my first article and illustrated here can be deployed in the Cloud and made available for financial institutions to 
use. The main challenge boils down to ensuring a safe ecosystem that can host the data provided by financial 
institutions.
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