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Abstract 

This paper constructs and discusses a method for evaluating the credit risk in a stock 

portfolio from the perspective of an investor. The method is based on the framework 

developed by Black & Scholes (1973) and Merton (1973), where one can see the equity 

of a firm as a call option. To evaluate this method Historical Simulation and Monte 

Carlo Simulation is used to obtain distributions of the losses. After that the risk 

measures, Expected Shortfall and Value at Risk, is applied to calculate the market- and 

credit risk. This is done from two perspectives, the lenders and the investors.  

The results show that this method to calculate the credit risk is applicable to a stock 

portfolio of an investor. But most of all this paper shows that there is a need to further 

develop different methods for measuring the credit risk in a stock portfolio from the 

perspective of an investor.  
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1 Introduction 

Financial fluctuations and crises have existed as long as the financial systems 

themselves. Risk management is essential for investors to make sure that they can be 

well diversified and hedge themselves against future risky events. Or at least to evaluate 

investments so that they get paid accordingly to the risk they take on. Risk management 

is necessary for the ability to keep an investment stable over time. Risk management 

activities are often only carried out for internal monitoring and done by larger investors 

who have the necessary tools to use data intensive risk models. (Saunders & Allen, 

2010)  The fact that financial investments can affect the economy at large has been 

known for a long time, but to which extent it can be stabilized by regulations is still 

under discussion. Several institutions have clearly stated that they believe that more 

financial stability can be achieved through more extensive rules and regulations for the 

banks and other financial actors. The greatest change came with the 1988 Basel Accord 

(BIS Accord) which established international minimum capital requirements. The Basel 

Committee has since then continuously developed more regulations to meet the new 

financial environment to ensure economic stability, the latest being the new guidelines 

in Basel III. (Basel Committee on Banking Supervision, 2013) 

The Basel Committee starts their latest consultative paper on the fundamental review of 

trading book capital requirements by writing:  

“The financial crisis exposed material weaknesses in the overall design of 

the framework for capitalising trading activities. The level of capital 

required against trading book exposures proved insufficient to absorb 

losses. - (Basel Committee on Banking Supervision, 2013) 

The financial crisis in 2007-08, when the Dow Jones stock index plummeted more than 

50% over a 17 month period, proved that there were bigger risks associated with 

extreme events than the risk measures accounted for. Bordo et al (2001) has also 

showed that the frequency of financial crises have doubled compared to past periods 

and according to Vorman (2008) the business bankruptcies rose by 44% during the most 

recent financial crisis.  In the light of these facts it is easy to see that the way risk is 

measured on financial activities is becoming increasingly important to study as long as 

the financial system continues to grow. 
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Agents investing in a stock portfolio are typically, if even at all, only concerned about 

the market risk, i.e. the risk of price movements on the market and diversifying away 

unique risk (Duffie & Pan, 1997). But little or no time has been spent on evaluating 

methods for calculating the credit risk for an investor investing in a stock portfolio. The 

more frequently appearance of financial crises have shown us that risk quantification 

and risk analysis become more important each day. In a world where default events 

actually are possible investors should be concerned about the credit risk when investing 

in a stock portfolio. It could be a beneficial addition to the market risk measures when 

evaluating their portfolio and positioning themselves for the future. (Jamshidian & Zhu, 

1996) 

Based on this, the problem statement that this paper will study is:  

Is there a method for calculating the credit risk in a stock portfolio, from the 

perspective of an investor? 

The purpose of this study is to find such a method and show how it could be done. If 

such a method can be found this study also aims to relate it to the market risk to put it in 

a larger context and show its relevance from a risk management perspective.  

This paper will be outlined as follows. In chapter 2 there is a discussion on some of the 

literature that were studied before carrying out this study and also some of the previous 

research done in related areas. In chapter 3 the framework and methods used for 

calculating the market and credit risk are presented. In chapter 4 these methods are 

applied to the selected data and the results are also presented and analysed. Chapter 5 

will discuss the findings and suggest a conclusion. 

2 Previous Studies 

Market risk of stock portfolios is a well-researched area. Value at Risk and Expected 

Shortfall are by now widely accepted measures for expressing the risk of financial 

assets, stock portfolios included. The Merton Model is widely accepted to measure 

credit risk for debt instruments. However, the purpose of this paper, as discussed earlier, 

is to find a way to evaluate the credit risk in a stock portfolio from the perspective of an 

investor and I have not been able to find anyone that has done this before. The reasons 

for this is unclear, but a guess could be that investors believe that the market risk 
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capture enough of the total risk. Just as Duffie and Pan (1997) see credit risk as a 

component of market risk and therefore already captured in market risk analysis. 

As stated before I have not been able to find any paper doing something similar, but 

there are previous research that contains methods and tools that are useful for this study. 

For example Black and Scholes (1973) developed a pricing formula for European 

options. They utilized a relationship that is called put-call parity, which implies that the 

payoff from a fiduciary call
1
 and a protective put

2
 with the same maturity date is equal 

to each other. This relationship can then be used as a pricing formula. Merton (1974) 

built on this formula and realized that one can think of the equity of a firm as a call 

option with the debt level as the strike price. Using this view he showed how one can 

estimate the asset value. He also developed a framework to estimate default events 

which can be used to evaluate credit risk. This work developed by Black, Scholes and 

Merton forms the foundation for the credit risk analysis in this paper and in section 3.3 

there is a more in depth discussion on how to apply it to the stock portfolio case. 

Even though this paper is not trying to evaluate or study these risk measures themselves, 

they will be used in developing the method for evaluating the credit risk. For a deeper 

understanding of Value at Risk, I have studied Linsmeier and Pearson (2000) which 

gives a good introduction to the use of Value at Risk for measuring market risk. They 

also explain how one can use Monte Carlo Simulation and Historical Simulation to 

compute it. In this paper I have also used these techniques, and they will be explained 

later in section 3.2 and 3.4. Duffie and Pan (1997) give a good and quite easily 

understandable overview of Value at Risk as a market risk measure and a discussion on 

some of the drawbacks with it. For Expected Shortfall Rockafellar and Uryasev, (2002), 

Acerbi and Tasche, (2002) and Tasche (2002) have been particular useful. They all 

provide a good background on Expected Shortfall and its advantages over Value at 

Risk, as being a coherent risk measure. Yamai and Yoshiba (2002) provide a more 

extensive comparative analysis between the two risk measures. Also they do this 

comparison under market stress, which could relate to extreme events, such as defaults.  

                                                 
1
 A trading strategy, where one go long in a European call option and have enough cash to pay the strike 

price if the call option is exercised. 
2
 A trading strategy, where one go long in a European put option and own the underlying asset which can 

be sold at the strike price if the put option is exercised. 
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Some work has been done to construct models that evaluate market and credit risk 

simultaneously but most of the portfolios are constructed with debt instruments. One 

such study is the one by Barnhill and Maxwell (2002) where they find a method to 

simulate both market risk factors and credit risk factors in a joint model making the risk 

estimation more robust. Tanaka and Muromachi (2003) have constructed a similar 

model in their paper based on finding a future distribution of the portfolio. Jarrow and 

Turnbull (2000) highlight the importance of evaluating both types of the risk for risky 

assets. However Jamshidian & Zhu (1996) have developed a joint model for the market 

and credit risk based on other instruments, namely interest rate and cross currency 

swaps. Though, they make a lot of simplified assumptions when constructing their 

model, for example they assume that the credit ratings can fully represent the 

probability of default, instead of simulating actually asset values. Nevertheless they 

show the need to incorporate the credit risk in risk analysis. The models constructed in 

these four papers could all be particular useful for creating a joint model for risk 

analysis of a stock portfolio.  

3 Method 

This chapter will explain the methods used in the later parts of this paper. To exemplify 

a fabricated example will be used to illustrate the methods. First the fictional data that 

will be used in this chapter is presented. After that there is a discussion on two different 

ways to obtain a distribution of losses due to market risks, namely Historical Simulation 

and Monte Carlo Simulation. After that we show how to use Black, Scholes and 

Merton’s framework to get a distribution of potential losses in the portfolio due to the 

credit risk. The chapter ends with a discussion on the two risk measures, Value at Risk 

and Expected Shortfall, which will be used to evaluate these distributions. 

3.1 Fictional Data 

To exemplify and guide the reader through this chapter a fictional stock portfolio will 

be used to illustrate some of the concept discussed in the coming sections. The data is 

generated through random numbers and adjusted to represent a real scenario. For 

simplicity the stocks have been equal weight in the portfolio, i.e. since there is ten 

stocks they should each represent 10% of the invested capital.  Note that for this 

fictional data the debt is presented in per stock level. Since these are just fabricated 
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numbers there is no actual data on the number of stocks, so per stock data will be more 

understandable.  

Stock 
Name 

Stock 
Price 

Daily 
Volatility 

Daily Growth 
Rate 

Debt per 
Stock Weight 

A 10 3.76% 0.0225% 6.67 10% 
B 20 2.88% 0.0683% 1.64 10% 
C 30 4.62% 0.0508% 9.82 10% 
D 40 1.62% 0.0210% 14.50 10% 
E 50 2.25% 0.0079% 7.82 10% 
F 60 3.66% 0.0611% 30.67 10% 
G 70 4.71% 0.0372% 46.81 10% 
H 80 1.90% 0.0495% 69.50 10% 
I 90 0.98% 0.0053% 38.05 10% 
J 100 1.55% 0.0553% 53.25 10% 

Table 1, Descriptive table of the fictional data 

3.2 Market Risk 

According to the Basel committee (2013), the definition of market risk is the potential 

losses from movements in market variables, e.g. market prices, interest rates and 

exchange rates. In other words it can be explained as the risk that the value of an 

investment will decrease due to changes caused by market factors. This paper settles 

with changes in market prices as the only determinant for the market risk, but a more 

extensive model could incorporate more of these market variables. There are numerous 

of different ways to express and measure the market risk for a stock portfolio. Two 

common measures for evaluating the potential loss due to the market risk is Value at 

Risk (VaR) and Expected Shortfall (ES), which will be discussed more in depth in 

section 3.4 and 3.5.  

To be able to calculate the market risk by Expected Shortfall and also the Value at Risk 

measure, one first needs a distribution of potential outcomes. This study uses two basic 

techniques to obtain a distribution for the calculations, Historical Simulation and Monte 

Carlo Simulation. There exist numerous of different ways on how to carry out these 

simulations (Jorion, 2007). In the following two sections there is an in depth discussion 

on how this paper will use these methods. 

3.2.1 Historical Simulation 

Historical Simulation is an easy way to get a distribution of changes in the market 

value. It is a straightforward method, where one just collects actual changes from 

historical data. (Damodaran, 2007) In our case we will look at the change over a one 
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year period (252 trading days), so it can be related to the credit risk that is often 

measured over this period (Basel Committee on Banking Supervision, 2013). From the 

historical data one year period percentage returns for the portfolio is constructed. These 

periods or subsamples will be overlapping each other to give us a distribution big 

enough for percentile calculations. (Goorbergh & Vlaar, 1999) By gathering these 

calculated returns a distribution of returns can easily be formed, from where the 

Expected Shortfall and Value at Risk can be calculated. 

The returns (Rt) will be calculated using the formula, where St is the stock price at time 

t. 

   
(         ) 

      
 

One of the benefits of using Historical Simulation is that this technique is nonparametric 

and does not require any assumptions on the underlying distribution (as compared to the 

covariance-variance method). Since the Historical Simulation is depending on empirical 

data it will represent the historical distribution. (Goorbergh & Vlaar, 1999) Relying on 

history to repeat itself also gives this method some drawbacks. As stated this technique 

assumes that historical data is representative for the future. It also gives equal weight to 

all the outcomes no matter how old the data points are. This become a problem when 

evaluating extreme risks, since enough outcomes is needed to be able to say something 

about more extreme confidence levels, which implies that long historical data series is 

required to get enough samples. This can result in that old and irrelevant data is 

included in the simulation which leads to a biased risk measures. (Hendricks, 1996 and 

Piroozfar, 2009) For example, a confidence level of 99.9% when calculating Expected 

Shortfall means that we want to calculate the average of the worst 0.1% returns. In this 

case at least 1,000 period samples is needed to have at least one return that will be the 

0.1% case, preferably even more samples are wanted so there will be an actual average 

of these worst scenarios. With the Historical Simulation there is a trade-off between 

getting enough samples and including only relevant data. Since Historical Simulation 

relies on historical data it is impossible to show how this is done with the fictional data, 

since it is not based on any underlying historical data. 
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3.2.2 Monte Carlo Simulation 

Monte Carlo Simulations is a broad term for computational experiments using random 

numbers. It was first invented by the researcher Stanislaw Ulam and John von Neumann 

in 1946. It was named after a casino which Ulam frequently visited and due to its 

resemblance to the random outcomes of gambles occurring in a casino. The method 

relies on repeating simulations over and over again to obtain results sprung from 

random numbers drawn from a distribution representing the original setting. It is used in 

a lot of different fields, all from physics to chemistry, and as in this case in finance. In 

finance it is particular useful due to its realistic way of presenting a distribution of 

uncertain events, such as the evolution of stock prices. (Rugen & Callahan, 1996) 

Boyle (1979) was one of the first researchers that introduced the Monte Carlo 

Simulation method into finance. He showed how one could adopt it on option pricing 

and how it could be used to evaluate price paths for stocks. He showed that one can 

assume that the stocks follow a certain path or movements and use historical inputs 

together with random numbers to simulate such paths. One such adaption is the 

Geometrical Brownian Motion (GBM) approach to the Monte Carlo Simulation method, 

and it offers flexibility and gives some freedom in selecting probability distributions. 

Even though that the method offers flexibility in its inputs it is still limited by not 

capturing enough forces that possible could drive the stock price. But the GBM 

approach to Monte Carlo Simulation is relatively easy and gives us multiple possible 

future outcomes for the different stocks, based on the initial constructed model. These 

simulations can be viewed together in a distribution over the potential returns, and 

therefore give us the data needed for the risk measures.  

The GBM approach means that it is assumes that the stock prices follow a GBM, which 

it can be said to do if it satisfies the following stochastic differential equation (SDE): 

   
       

        
    

  

Where    is a Wiener process and   is the Stock price at time t,   is the expected drift 

rate and   the volatility. 
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Given an arbitrary initial value of    the analytical solution to the SDE is given below, a 

solution that can be derived using Itõ’s lemma. For a complete derivation see Appendix 

A in Brewer et al (2012). 

        ((  
  

 
)      ) 

Given our multivariate version the stocks will be correlated through the fact that the 

Wiener processes are correlated such that:  

 (   
    

 
)          where         

To keep the covariance between the return series one can utilize the much needed 

Cholesky decomposition. To do a Cholesky decomposition a historical correlation 

matrix is estimated based on the empirical data. Then the decomposition is applied to 

this matrix, which generates new multivariate standard normal samples and a covariance 

matrix (Dahl & Benth, 2001). 

In other words, several Monte Carlo samples has been generated, that each have N 

correlated stock prices driven by N correlated Wiener processes. In our case N will be 

10, since we want to generate possible outcomes for 10 different stocks. 100,000 of 

these Monte Carlo samples will be generated to give us a large distribution.  

In this paper the inputs to the GBM Monte Carlo simulation will be based on historical 

data. There will still be an historical dependence, as in the Historical Simulation, but the 

Monte Carlo method offers more flexibility in determining the settings.    

By using the fictional data from section 3.1 we can easily simulate possible price paths 

for the stocks in the future. With the help from Matlab it is just a process of modelling 

the assumed path and inserting the volatilities, starting prices, growth rate and 

correlation matrix and letting Matlab (see Appendix B) repeatedly simulate random 

Wiener processes which in turn will yield simulated stock paths. Then returns are 

calculated with the same formula used in the Historical Simulation and weight these 

together to get a distribution of portfolio returns, such as the one in figure 1. 
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Figure 1, Distribution of rate of returns from market risk on fictional data 

3.3 Credit Risk 

Credit risk is described by Thomas Wilson (1998) as the potential losses due to credit 

events, which could be counterparty rating migrations or/and defaults. Tanaka and 

Muromachi (2003) explains credit risk like this “We call the situation in which an 

issuer of a financial product cannot implement the contract a default, and losses 

incurred by such default are said to represent credit risk”. Sometimes credit risk is also 

only referred to as default risk, which, at least from this paper, is a better definition 

since we will only estimate the credit risk from a distribution of potential losses due to 

counterparty defaults.  

This paper will apply the widely accepted framework developed by Merton (1974) for 

evaluating credit risk built on the work done by Black and Scholes (1973). In this paper 

it will be referred to as the Merton Model. Merton showed that one can see the equity of 

a firm as a call option on the underlying value of the firm with the debts face value as 

the strike price. Where the firm will default on the option if the value of its assets is 

below the debt value (i.e. the strike price) at time of maturity, and the bond owners will 

receive as much as possible of the remaining assets. As seen in figure 2, the pay-off for 

the equity owners will start when the value of assets exceeds the debt, so it can be fully 

refunded. One can from this easily show that the value of the equity can be expressed as 

      (     ) where E is equity, A is assets and D is debt. 
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Figure 2, Equity as a call option 

The problem with this view is that the asset value of a firm is not observable. But the 

Merton Model is particularly useful since it give us a way to estimate the asset value 

and the volatility of assets from more easily calculated numbers, such as the firm’s 

equity value, its debt face value and the volatility of the equity returns. However to be 

able to use this framework some assumptions are needed. These assumptions are based 

on the ones found in the paper by Black and Scholes (1973) but to get a more easily 

understandable view some of the similar assumptions are grouped.  

First it is assumed that the firm is funded by only two types of liabilities, a single class 

of debt which is due at time T and a single class of equity. This means that the balance 

sheet of the firm will have a simple structure as seen in figure 3. 

 

Figure 3, Simplified firm structure 
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(2) 

Further it is assumed that the assets of the firm are tradable and that they also follow a 

GBM, such as: 

   
       

        
    

  

Where    is a Wiener process and   is the asset value at time t,   is the expected drift 

rate and   the volatility. 

Lastly it is assumed that the market is perfect, i.e. there are no transaction costs, the 

market is fully liquid and that borrowing and lending is done to the risk-free interest rate 

which is constant over the time horizon. This last assumption is not made for the 

validity of the model, merely for convenience and as a simplification for the 

calculations done in this paper.  

If these assumptions are fulfilled one can apply the Black and Scholes (1973) formula 

(equation 1) for option pricing on our data to estimate the asset value (A0) and asset 

volatility (σA) from the equity (E0), debt (D), equity volatility (σE) and the risk-free 

interest rate (r).  Where T is the expiration date of the assumed call option and N(*) is 

the cumulative standard normal distribution function.  

      (  )    
    (  ) 

Under the assumption discussed earlier and with the help from equation 1 it can be 

shown that the relationship between the equity and asset volatilities can be expressed as 

follows.  

   
  
  
 (  )   

By iteratively solve equation (1) and (2) simultaneously estimates of the asset value and 

volatility are generated.  Most of the inputs needed for the calculations can be found in 

the historical data gathered earlier, except for the risk-free interest rate. In this paper it is 

assumed that the risk-free interest rate is 2.2%, which is an approximate average rate for 

the 10 year Swedish Government Bond over the last year (Yahoo Finance). With the 

help from Matlab (see Appendix C) this iteratively method is used on our fictional data 

and which generates the result seen in table 2. 

 

(1) 
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Asset Value 

per Stock 

Yearly Asset 

Volatility 

A 16.5122 36.280% 

B 21.6027 42.370% 

C 39.5782 55.760% 

D 54.1703 18.970% 

E 57.6422 30.990% 

F 89.9592 38.770% 

G 115.4812 45.890% 

H 147.9197 16.310% 

I 127.1848 11.050% 

J 152.0392 16.160% 
Table 2, Asset values and volatilities from fictional data 

The next stage in the estimation process is to apply the Monte Carlo simulation method 

in a similar way as explained earlier in the market risk section, but with some 

differences. This time we want to simulate possible paths for the asset value; hence the 

calculated asset values are used as the starting values. The asset volatilities are also used 

instead of the equity volatilities. However since asset growth rates or asset correlations 

cannot be observed we use the equity data as a proxy for these values. Again the 

Geometric Brownian Motion is modelled in Matlab and a simulation of 100,000 

possible future paths for the asset values of each firm is used to get a large distribution. 

In line with the Merton model these future asset values will be compared to each firm’s 

debt levels, if the asset value falls below the debt level we assumed that a default 

occurred.  

3.3.1 LGD from the Perspective of an Investor 

We also want to calculate a Loss Given Default (LGD), which is a straight forward task 

when the simulations have been carried out and all the default events are found. Recall 

the figure illustrating a firm’s balance sheet. In the event of a default the asset value is 

smaller than the debt level. Using the view that the firm’s equity can be seen as a call 

option, one can easily see that the equity value is zero if the company defaults; hence 

the value of the stock will also be zero when the underlying company defaults (Merton, 

1974). Adopting this view a distribution of credit losses from the investors’ point of 

view can be formed, based on the simulated default events. So when a stock’s 

underlying company defaults all of the invested money in that stock will be lost. 

Analogously with Jamshidian & Zhu (1996) LGD is assumed to be 1 in this perspective. 
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Gathering these losses for the individual stocks into a portfolio the distribution needed 

for the VaR calculations is obtained. 

In figure 4 one can find such a distribution based on the fictional stock portfolio (note 

that all the no-defaults, i.e. zero losses, are left out for illustrative purpose). As seen in 

this distribution, even 0.1 steps are obtained for the losses. This is due to the fact that all 

the stocks have been given equal weights.  So a single default event in the portfolio 

corresponds to the full loss of that stock, in this case 10%. If there are more defaults in 

the same portfolio the losses will be added together, which yields this look of the 

distribution.  

 

Figure 4, Distribution of credit losses for fictional data, Investor Perspective 

3.3.2 LGD from the Perspective of a Lender 

Later in this paper the LGD calculations will be adjusted a bit, but for now a simple 

method is adopted. In the event of a default the simulated asset value at that time, i.e. 

252 days into the future is compared with the actual debt level. This is done by 

calculating how much of the debt (in percentage) that cannot be funded by selling the 

remaining asset, which is done by the following formula. 

      
(      )

  
 

Where       is the loss given default for a specific stock in a specific simulation 

sample,    is the debt level for a specific stock and     is the asset value for a specific 

stock in a specific simulation sample.  
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These losses occurred due to default events, in all of the cases when a default did not 

occur one just say that there is no loss. This is because when talking about the credit 

risk we are not, at the moment, concerned about asset values exceeding the debt levels. 

By weighting these losses together into their respective portfolios a distribution of 

losses due to default events is obtained, hence a distribution of credit losses.  

Carrying out such a simulation and calculations based on the asset values and 

volatilities estimated from our fictional data a distribution such as the one in figure 5 is 

generated. Note that the bar with the non-defaulting events is left out; since it would just 

show 93,710 of the 100,000 simulated scenarios with no default losses it would just 

make the figure harder to interpret.  

 

Figure 5, Distribution of credit losses for fictional data, Lender Perspective 

3.4 Value at Risk 

Value at Risk (VaR) was first used as a risk measure by the big firms in the end of 

1980’s. Today VaR is a common risk measure used by all kind of firms, institutions, 

regulators etc. (Linsmeier & Pearson, 2000)  

VaR is a statistical measure to capture possible portfolio losses. It is defined as a certain 

level of loss that will not be exceeded with the given confidence level during the time 

period used. A more simplified definition could be that, given a distribution of possible 

losses during a certain time period the VaR measure is the X
th

 percentile of this 

distribution. Where X represents a confidence level, typically 99% or 99.9% for market 

respectively credit risk. (Jorion, 1996 and Holton, 2002)  
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Figure 6, Zoomed in version of credit risk distribution of fictional data 

Figure 6 is a zoomed in version of the distribution of the fictional data’s credit losses, as 

presented in section 3.3.2. The figure shows an illustration of the VaR measure with a 

99.9% confidence level. This distribution was based on 100,000 samples, so the 99.9% 

VaR is just the 100
th

 largest loss, which in this case is at 5.73%. Since this distribution 

is based on yearly data it can be said with 99.9% confidence that the credit loss will not 

exceed 5.73% on a year. Another way to say it is that every 1000
th

 year the credit loss 

will exceed 5.73%. The key concept is that given a confidence level on say 99.9% a 

VaR measure can be calculated such as it has 0.1% of losses that are worse (in this case 

on its right side, dark grey area) and 99.9% of losses that are smaller (to the left, light 

grey area). In other words, the 99.9
th

 percentile of this distribution is 5.73%.  

Doing the same calculation for the credit risk from the investor’s perspective, as 

discussed in section 3.3.1 we get a yearly VaR of 20% on a 99.9% confidence. This is a 

much larger value than the one for the lenders. This is most likely from the fact that a 

default event for an investor directly means that their investment is lost, as for a lender 

they can get some of their money back from selling the remaining assets.  

One of the drawbacks with VaR is that it does not tell us anything about the rest of the 

tail. It provides no information on the extent of the losses that might occur if there is a 

case worse than the VaR measure. Thus in cases with fat tails or non-normal 

distribution the VaR measure can neglect a lot of the actual risk that an investor is faced 

with, especially for lower confidence levels, since there will be a larger part of the tail 

left unexplained. (Yamai & Yoshiba, 2002 and Rockafellar & Uryasev, 2002) Due to 
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this fact the Basel Committee has suggested a move from Value at Risk to Expected 

Shortfall for market risk (Basel Committee on Banking Supervision, 2013). 

3.5 Expected Shortfall 

An alternative risk measure that uses the information contained in the left tail is 

Expected Shortfall (ES) or sometimes referred to as Conditional Value at Risk (CVaR) 

(Acerbi & Tasche, 2002). Rockafellar and Uryasev (2002) defines ES/CVaR at a given 

confidence level as “the expected loss given that the loss is greater than the VaR at that 

level”.  Expressed in a different way, ES answers the question on how bad things get if 

things actually go bad (Artzner et al, 1999).  The calculation of the Expected Shortfall 

measure is relatively straight forward. Given a continuous distribution ES is just the 

average of the returns that are worse than the VaR at the given confidence level 

(Tasche, 2002).  

Figure 7 is a zoomed in version of the left tail of the distribution presented in section 

3.2.2. It illustrates the difference between ES and VaR at a 99% confidence level. Note 

that this figure is a distribution of returns; hence one needs to evaluate the risk measures 

on the left tail instead of the right tail, reverse to what was done earlier for the 

distribution of the losses.  

 

Figure 7, Zoomed in version of market risk distribution of fictional data 

Calculating the 99
th

 percentile of the distribution gives us a value of -48.43%. The 

negative value of this is our VaR measure; hence VaR at a 99% confidence level for this 

distribution is 48.43%. To calculate the Expected shortfall one just take the average of 
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the 1% worst returns (to the left of VaR, dark grey area) which is -52.14%. The negative 

value of this is the ES; hence ES at a 99% confidence level for this distribution is 

52.14%. 

In this paper a 97.5% confidence interval will be used for measuring the market risk 

with the Expected Shortfall. This is in line with the new guidelines from the Basel 

Committee, where they expressed that ES captures the tail risk far better than VaR. 

They motivated this move by saying:  

“Based on the more complete capture of tail risks using an ES model, the 

Committee believes that moving to a confidence level of 97.5% (relative to the 

99th percentile confidence level for the current VaR measure) is appropriate. This 

confidence level will provide a broadly similar level of risk capture as the existing 

99th percentile VaR threshold, while providing a number of benefits, including 

generally more stable model output and often less sensitivity to extreme outlier 

observations.” – Basel Committee (2013) 

4 Results and Analysis 

In this chapter the method developed in chapter 3 is adopted on a stock portfolio, which 

is constructed from ten stocks selected from the OMXS30 index. First the data used in 

the chapter is presented. After that the results from the market- and credit risks 

calculation are shown. The chapter is concluded with a short summary of the risk 

measures.  

4.1 Data 

To evaluate the method of calculating a credit risk measure for a stock portfolio this 

study has chosen to use ten stocks from the index OMXS30. The choice is based on 

convenience and interest. It is convenient to use since there are easily accessible data on 

the debt levels and credit ratings on the companies underlying the chosen stocks. All 

these stocks are issued from big Swedish companies and therefore they can all be 

considered to be relatively stable and hence they have all been given quite high credit 

ratings. It is interesting to see how much credit risk that can be assumed to be associated 

to a portfolio consisting of stocks with such a low risk. As stated earlier, the stocks 

chosen are selected from the OMXS30 index, a stock market index containing the 30 
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most-traded stocks on the Stockholm Stock Exchange. The ten selected stocks used in 

this study were chosen selectively to represent different industries and in that sense get 

a differentiated stock portfolio.  

The stock market data has been collected from Yahoo Finance and range over a ten year 

period from 2003-01-01 until 2012-12-26, which results in 2596 trading days. The 

reason why this study only utilizes data until the end of 2012 is due to the fact that 

information on debts for some companies is only yet available for 2012. This study has 

then chosen to collect data from 10 years to get a big enough sample to contain a lot of 

different movements on the stock market, as for example the financial crisis in 2008. A 

big data set is also required to get accurate risk measures based on the historical data, 

since 252 observations will be lost due to the fact that this paper uses yearly risk 

measures.  The selected stocks and some of their characteristics from the selected period 

are presented in the table 3.  

 Table 3, Descriptive data on the ten selected stocks 

The credit rating information has been collected from the rating institute Standard & 

Poor, one of the big three rating institutions in the world. The probability of default 

(PD) that these ratings are associated with is also gathered from Standard & Poor. Debt 

levels and the number of issued stocks have been collected using Yahoo finance, and 

they have in their turn gathered the information from the firm’s individual balance 

sheets. Credit ratings, estimated probability of default, debt levels and the number of 

issued stocks can be seen in table 4.   

 

Stock Name  Ticker Market Value 

2012  

(million SEK) 

Daily 

Volatility 

Mean Daily 

Growth Rate 

Hennes & Mauritz B HM-B.ST 373,550 1.649% 0.0381% 

Ericsson B ERIC-B.ST 214,994 2.530% 0.0292% 

Modern Times Group B MTG-B.ST 15,140 2.487% 0.0450% 

Atlas Copco A ATCO-A.ST 219,609 2.430% 0.0687% 

Assa Abloy B ASSA-B.ST 84,474 2.146% 0.0340% 

SCA B SCA-B.ST 99,209 1.684% 0.0139% 

Investor B INVE-B.ST 127,811 1.734% 0.0449% 

Getinge B GETI-B.ST 48,680 3.226% 0.0080% 

Electrolux B ELUX-B.ST 52,794 2.776% 0.0084% 

Swedish Match A SWMA.ST 44,783 1.510% 0.0453% 



19 

 

C
o

u
n
t 

Rate of return 

Stock Name Credit 

Rating 

PD Debt 2012 

(million SEK) 

Issued Stocks 

(thousands) 

Hennes & Mauritz B AAA 0% 16,338 1,655,072 

Ericsson B BBB+ 0.20% 138,113 3,305,052 

Modern Times Group B BB+ 0.70% 6,558 66,782 

Atlas Copco A A 0.07% 46,017 1,229,613 

Assa Abloy B A- 0.07% 33,131 351,683 

SCA B BBB+ 0.20% 71,367 705,110 

Investor B AA- 0.07% 54,539 767,175 

Getinge B BBB 0.20% 27,721 222,383 

Electrolux B BBB+ 0.20% 56,328 308,920 

Swedish Match A BBB 0.20% 16,422 202,000 

Table 4, Credit data on the selected ten stocks 

4.2 Market Risk 

This study will use two common ways to evaluate the market risk, Historical Simulation 

and Monte Carlo simulation. The results from these methods will be presented in the 

following two sections. 

4.2.1 Historical Simulation 

As explained in the previous chapter Historical Simulation uses the historical data to 

calculate a risk measure. This study has evaluated the market risk on a one year horizon 

to better be able to compare it to the credit risk which usually is measured on a one year 

basis. From the historical data overlapping one year returns on the portfolio has been 

calculated and gathered into a distribution that can be seen in figure 8.  

 

Figure 8, Distribution of rate of returns from the Historical Simulation, Market Risk 

Expected Shortfall or Value at Risk measures can then easily be calculated from this 

distribution.  For the 97.5% ES measure it is just a matter of taking the mean of the 
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lowest 2.5% returns, in this case the 59 lowest returns. This gives us a market risk 

Expected Shortfall of 37.05% at the 97.5% level with a one year horizon. So if we 

consider the case where an agent invested 1 million SEK in a portfolio consisting of 

these 10 stocks, one can expect a loss of 370,500 SEK over a year assuming the loss is 

greater than the 97.5
th

 percentile of the loss distribution. In this study the one year 

market risk VaR with a 99% confidence level is calculated to be 37.93% which is in line 

with the ES measure.   

4.2.2 Monte Carlo Simulation 

This method relies on some of the descriptive data calculated from the historical data. 

Using the mean growth rate, daily volatilities, correlations and closing values on the 26
th

 

of December 2012 this study simulated 100,000 possible stock paths for one year into 

the future as described in the method chapter. These 100,000 outcomes can then be 

gathered into a distribution (figure 9). From this distribution ES and VaR can be 

calculated in the same way as in the Historical Simulation method. The one year 

Expected Shortfall on a 97.5% confidence level turned out to be 42.63%. The Value at 

Risk measure on the same data and time period but at a 99% confidence level is 

42.71%. Similar to the Historical Method these two estimates turned out to be in line 

with each other.  

 

Figure 9, Distribution of returns from Monte Carlo Simulation, Market Risk 

Comparing the two simulation methods, one can see that distribution generated by the 

Historical Simulation has its mean shifted to the right, where the mean in the 

distribution from the Monte Carlo Simulation is more centred at a rate of return of 0. 

But even though their distributions do not match perfectly it is worth to notice that the 
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Historical and Monte Carlo methods only differ with around 5%-units, a result which 

suggests that the estimation of the market risk could be considered to be accurate.   

4.3 Credit Risk 

4.3.1 Monte Carlo Simulation 

As described earlier it is problematic to evaluate the credit risk due to the fact that a 

default is such a rare event. As an example none of the ten selected companies in this 

study have historically defaulted and because of that one cannot use the Historical 

Simulation method to evaluate credit risk. Instead the focus will be on the Monte Carlo 

method. There is not yet any standard set on how to evaluate the credit risk of a stock 

portfolio, the methods are yet to be discovered. As discussed in chapter 3.3 this study 

started with the Merton approach for credit risk and has tried to adapt that to the case 

with a stock portfolio. 

Analogously to the Monte Carlo Simulation done to evaluate the market risk 100,000 

future paths are simulated to be able to evaluate the credit risk. The difference is that in 

the credit risk environment future paths of the asset values are simulated instead of the 

stock prices. This is done since we want to compare the asset value to the debt level to 

see if a default event occurred or not.  

Using the Black-Scholes-Merton method, asset values and asset volatilities can be 

derived from the market price (equity value), equity volatility, and the debt level. As 

explained in chapter 3 it is an iterative process to estimate the two unknown parameter, 

asset value and volatility. The results from these iterations can be seen in table 5. 

Stock Name 

Asset Value 2012 

(million SEK)  

Asset 

Volatility 

Hennes & Mauritz B 389,514 25.10% 

Ericsson B 349,971 24.67% 

Modern Times Group B 21,548 27.74% 

Atlas Copco A 264,575 29.53% 

Assa Abloy B 116,853 24.63% 

SCA B 168,951 15.70% 

Investor B 181,110 19.42% 

Getinge B 75,766 32.92% 

Electrolux B 107,838 21.59% 

Swedish Match A 60,833 17.65% 

Table 5, Asset values and volatilities for the selected stocks 
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Following the steps outlined in Chapter 3 and carrying out a Monte Carlo simulation 

generating 100,000 possible future paths for the asset values and comparing these 

results to the debt levels a distribution of default events can be obtained.  

Table 6 below contains the estimated probabilities of defaults (PD) from the credit 

ratings given by Standard & Poor. From these estimates the theoretical probability on 

how often a portfolio of these stocks will contain at least one defaulted company can be 

calculated. In this case it is calculated to be 1.9%, given that the stocks’ probabilities of 

defaults are independent of each other, i.e. there is no correlation between the 

companies default events. Since our model actually uses correlation between the stocks 

this probability is not completely accurate, but at least it is an indication to use as a 

validation measure for our simulation. 

 Stock ticker PD 1-PD 

HM-B.ST 0% 100.00% 

ERIC-B.ST 0.20% 99.80% 

MTG B 0.70% 99.30% 

ATCO-A.ST 0.07% 99.93% 

ASSA-B.ST 0.07% 99.93% 

SCA-B.ST 0.20% 99.80% 

INVE-B.ST 0.07% 99.93% 

GETI-B.ST 0.20% 99.80% 

ELUX-B.ST 0.20% 99.80% 

SWMA.ST 0.20% 99.80% 

No one defaults 

 

98.10% 

One or more defaults   1.90% 

Table 6, Theoretical probability of defaults 

In the Monte Carlo simulation there were 2,015 out of 100,000 portfolios that had at 

least one company that defaulted, or equivalent to 2.015% of the portfolios containing at 

least one defaulting company. As can be seen, the theoretical probability of default and 

the one obtained from the actual simulation are close to each other.  

4.3.2 Loss Given Default (LGD) 

The next step before the actual credit risk can be evaluated is to find a distribution of 

losses due to the defaults that were estimated trough the simulation process. In this 

paper such a distribution will be gathered from two different perspectives. First we will 

present the results from the main perspective of this paper, namely the Investors. After 
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that we will also evaluate the same risk from the lenders perspective to be able to 

compare the two to each other.  

4.3.2.1 The perspective of an investor 

For an investor, the risk lies in the movements of the stock price, which in a large extent 

is covered by the market risk measures. This view neglects the effects of extreme 

events, such as defaults, since there are no historical track records of them, and they 

aren’t covered by the simulated movements in the stock price. 

At a 99.9% confidence level the portfolio of the ten selected stocks has a one year credit 

risk of 10%. In other words, an investor that invested 1,000,000 SEK in this stock 

portfolio can say with 99.9% confidence that the credit loss due to defaults won’t 

exceed 100,000 SEK over a one year period.  

4.3.2.2 The perspective of a lender  

Given the default events simulated earlier, it is easy to compare the given asset value in 

these outcomes to their respective debt level and calculate how much of the debt that 

cannot be repaid in the different scenarios. These losses are then weighted back into the 

portfolio and form a distribution of potential credit losses on the companies underlying 

the stock portfolio. Given this distribution, risk measures can easily be derived. For 

credit risk a VaR measure with a 99.9% confidence level is typically used, which is also 

used in this paper. From the Monte Carlo simulation the one year Value at Risk credit 

risk at a 99.9% level was calculated to 5.85%. If 1,000,000 SEK is lent evenly to the 

companies in the portfolio, we can then say with a 99.9% confidence level that the loss 

will not exceed 58,500 SEK over a year, due to one or more of the underlying 

companies of the stocks will default, assuming that the loss is evenly distributed among 

the different lenders. 

This Value at Risk calculation is based on the assumption that all of the remaining 

assets of the defaulting company can be sold to their market prices, an assumption 

which is hard to take for granted. To adjust for this fact two other ways to reach a loss 

distribution to calculate the VaR from were tested.  

The first suggestion is to use LGDs estimated from the credit ratings based on historical 

information about other companies that defaulted and their ratings. Doing this by using 

estimates from Standard & Poor the calculated credit risk VaR at a 99.9% confidence 
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level is 7.43% for a portfolio containing the selected ten stocks. Loss given default rates 

are considered to be extremely hard to estimate in advance of a default, hence this 

method might not be the most accurate one (Moody’s Investors Service, 2006). 

Instead this paper suggests adjusting the LGD calculations from the simulation to 

account for the fact that not all remaining assets can be sold to the market price. This 

can be done by reducing the simulated remaining asset with a certain percentage. This 

study will carry out such adjustments with 30%, 50% and 70% remaining asset 

reduction in the case of a default. Doing these adjustments results in these VaR 

measures instead, for each corresponding adjustment level: 7.10%, 7.93% and 8.76%. 

4.4 Summary of risk measures 

To summarize this chapter the market and credit risk are presented in table 7 and 8, 

where the measures can easily be compared to each other.  

Market Risk Measure   Result 

Historical Simulation 
ES 97.5% 37.05% 

VaR 99% 37.93% 

Monte Carlo 

Simulation 

ES 97.5% 42.63% 

VaR 99% 42.71% 

Table 7, Summary of Market Risk measures 

 

Credit Risk Measure    Result 

 No Adjustments 5.85% 

 LGD from ratings 7.43% 

Lender Perspective,  30% Asset adj. 7.10% 

VaR 99.9% 50% Asset adj. 7.93% 

 70% Asset adj. 8.76% 

Investor Perspective VaR 99.9% 10% 

Table 8, Summary of Credit Risk measures 

5 Discussion and conclusion  

This paper investigated the possibility and in some ways the need of measuring the 

credit risk in a stock portfolio. We have managed to show that the framework developed 

by Black & Scholes (1973) and Merton (1974) is indeed applicable for calculating the 

credit risk in a stock portfolio.  
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The results show us that for a portfolio consisting of these ten specific OMXS30 stocks 

yields a yearly market risk measured with Expected Shortfall of 40% at a 97.5% 

confidence level. The credit risk in the same portfolio and period measured with a Value 

at Risk from the perspective of the lenders was somewhere between 5.85% and 7.1%, 

depending on the method at a 99.9% confidence interval. From the perspective of the 

investors the credit risk measured with VaR was 10% over the same period and 

confidence level. Even though the credit risk is considerably smaller there still exists a 

risk that should not be neglected. For a 1,000,000 SEK investment in this stock portfolio 

it could mean an unexpected loss of 100,000 SEK due to an unforeseen default event.  

Relating the credit risks from the different perspectives to each other one can see that 

the risk for the investor is notably larger than for the lender, a fact that is even more 

obvious when the same calculations were done on the more risky fictional data. There it 

could be seen that a lender faced a credit risk of 5.73% (with no adjustments) compared 

to the investors who had a corresponding VaR measure of 20%. The difference between 

these two perspectives is most likely from the fact that an investor lose all of his/her 

investment in a stock if its underlying company defaults, where a lender has the 

opportunity to sell remaining assets to mitigate the loss. For us this highlights the 

importance for investors to monitor their credit risks. If lenders already do it, then 

investors who face even larger credit risks should do it as well.  

Both Barnhill & Maxwell (2002) and Jarrow & Turnbull (2000) expressed that it is 

problematic to separate the market risk and credit risk, since it is easy to neglect the fact 

that the two risks may be overlapping. For example there is a great possibility that a 

default event also would mean a great decline in the stock price, hence an event related 

to the credit risk will also trigger movements associated to the market risk measures, 

and reverse. The results from Jamshidian & Zhu (1996) study show that the sum of the 

market and credit risk measured separately is considerable larger than an overall risk 

estimated from a joint risk model. However, by examining our data we can see that the 

maximum loss for a single stock in the Market Risk simulation was around 80%, which 

is smaller than the loss for an investor in the event of a default. This also highlights the 

need for credit risk analysis on stock portfolios. The problem with correlation between 

the two risks is unfortunately not assessed in any greater detail in this paper and is 

something that would be interesting to continue to study in the future. Despite this, a bit 
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problematic correlation between the two risks, it is important to pay attention to the 

credit risk in a stock portfolio. Extreme events are happening more frequently and in 

that context it is too optimistic in a risk analysis to only consider the market risk for an 

investment in a stock portfolio. 

As a conclusion this paper has shown that there indeed is a method for evaluating the 

credit risk in a stock portfolio from the perspective of an investor. But maybe more 

importantly the results from this study emphasize the need for an investor to actually do 

a credit risk analysis in conjunction with their market risk analysis on their stock 

portfolio. These findings might also be a signal to other researchers, a signal that they 

should try to dig deeper into this area.   

6 Further studies 

As discussed earlier an improvement for this study would be to simulate the market and 

credit risk in an integrated model. I would personally like to incorporate the work done 

in this paper with the joint model developed by Jamshidian and Zhu (1996). It would be 

interesting to measure market, credit and overall risk on a more volatile stock portfolio 

to study how they overlap one another. Simplified, one way could be to first simulate 

the stock prices and then use the Merton method to get asset values from the simulated 

prices. One could then eliminate default outcomes from the market risk analysis and 

eliminate overlapping measurements. For the joint model, one could do as Jamshidian 

and Zhu, which assumed that when a default occur increases in market value relating to 

that default should not be accounted for, and in that sense get the credit and market risk 

together. 

Another interesting aspect that could be considered is to focus on the stocks of banks. In 

this paper I chose to avoid those stocks since their debt structure is a bit more complex. 

That would be an interesting topic to continue to study, how one could evaluate the 

credit risk from an investor perspective on these types of stocks, where the underlying 

companies take on debt as their main business activity. 

The last suggestion for further studies is to try the same thing as this study but for more 

risky stocks. This paper chose ten stocks from the OMXS30 index which is some of 

Sweden’s biggest and hence most stable companies. How much credit risk is associated 

to a portfolio from ten mid- or small-cap stocks? 
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Appendix A 

Correlation matrices for fictional and real data, table 9 and 10 respectively. 

 
A B C D E F G H I J 

A 1 0.3555 0.5457 0.1510 -0.5581 -0.1273 -0.1369 -0.6080 0.1963 -0.6512 
B 0.3555 1 -0.2938 -0.1506 0.1644 0.0578 0.5175 -0.3885 -0.4643 0.7137 
C 0.5457 -0.2938 1 -1.5674 -0.7739 0.0447 0.2742 0.0798 -0.1178 0.6802 
D 0.1510 -0.1506 -1.5674 1 -0.0559 -0.0813 -0.2585 -0.6709 -0.7629 0.4616 
E -0.5581 0.1644 -0.7739 -0.0559 1 -0.4872 -1.2811 -0.7824 -0.0970 -0.1298 
F -0.1273 0.0578 0.0447 -0.0813 -0.4872 1 -0.3203 -0.5323 0.4835 0.2783 
G -0.1369 0.5175 0.2742 -0.2585 -1.2811 -0.3203 1 0.0725 0.1365 0.3182 
H -0.6080 -0.3885 0.0798 -0.6709 -0.7824 -0.5323 0.0725 1 0.1379 -0.5675 
I 0.1963 -0.4643 -0.1178 -0.7629 -0.0970 0.4835 0.1365 0.1379 1 -0.6353 
J -0.6512 0.7137 0.6802 0.4616 -0.1298 0.2783 0.3182 -0.5675 -0.6353 1 

Table 9, Correlation Matrix for Fictional Data 

 

 

HM-
B.ST 

ERIC-
B.ST MTG B 

ATCO-
A.ST 

ASSA-
B.ST 

SCA-
B.ST 

INVE-
B.ST 

GETI-
B.ST 

ELUX-
B.ST SWMA.ST 

HM-B.ST 1 -0.1029 0.7328 0.8915 0.8204 0.3826 0.7816 0.3151 0.0239 0.8676 

ERIC-B.ST -0.1029 1 0.3163 0.0030 0.0408 0.2895 0.3769 -0.4092 0.3680 -0.2604 

MTG B 0.7328 0.3163 1 0.7507 0.6216 0.4739 0.8610 0.1862 0.1608 0.5245 
ATCO-
A.ST 0.8915 0.0030 0.7507 1 0.9269 0.5252 0.7970 0.3779 0.1284 0.9051 
ASSA-
B.ST 0.8204 0.0408 0.6216 0.9269 1 0.6660 0.6884 0.3730 0.3186 0.8620 

SCA-B.ST 0.3826 0.2895 0.4739 0.5252 0.6660 1 0.5231 0.3886 0.4879 0.3438 
INVE-
B.ST 0.7816 0.3769 0.8610 0.7970 0.6884 0.5231 1 0.1556 0.0605 0.5844 

GETI-B.ST 0.3151 -0.4092 0.1862 0.3779 0.3730 0.3886 0.1556 1 0.1303 0.3860 
ELUX-
B.ST 0.0239 0.3680 0.1608 0.1284 0.3186 0.4879 0.0605 0.1303 1 -0.0467 

SWMA.ST 0.8676 -0.2604 0.5245 0.9051 0.8620 0.3438 0.5844 0.3860 -0.0467 1 
Table 10, Correlation Matrix for the ten selected stocks 
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Appendix B 

Matlab code for estimating asset values and stock prices using Monte Carlo Simulation 

with the Geometrical Brownian Motion approach 

function S = AssetPathsCorrelated(S0,mu,sig,corr,dt,steps,nsims) 
% 
% S = AssetPathsCorrelated(S0,mu,sig,corr,dt,steps,nsims) 
% 
% Inputs: S0 - stock price / Asset value 
%       : mu - expected return 
%       : sig - volatility 
%       : corr - correlation matrix 
%       : dt - size of time steps 
%       : steps - number of time steps to calculate 
%       : nsims - number of simulation paths to generate 
% 

 
% get the number of assets 
nAssets = length(S0); 

  
% calculate the drift 
nu = mu - sig.*sig/2; 

  
% do a Cholesky factorization on the correlation matrix 
R = chol(corr); 
% pre-allocate the output 
S = nan(steps+1,nsims,nAssets); 

  
% generate correlated random sequences and paths 
for idx = 1:nsims 
    % generate uncorrelated random sequence 
    x = randn(steps,size(corr,2)); 
    % correlate the sequences 
    ep = x*R; 

  
    % Generate potential paths 
    S(:,idx,:) = [ones(1,nAssets); ... 
        

cumprod(exp(repmat(nu*dt,steps,1)+ep*diag(sig)*sqrt(dt)))]*diag(S0); 
end 
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Appendix C 

Matlab code for iteratively estimate the asset value and asset volatility simultaneously 

function VolAssets=VolatilityAssets(y) 
%y(1,1): Assets value. 
%y(2,1): Assets volatility 
%Extraction to input parameters 
A=y(1,1); 
sigmaA=y(2,1); 

  
%Initial parameters 
S=%equityvalue; 
sigmaS = %equityvolatility; 
r = %risk-freerate; 
F = %debtlevel; 
tau = %timeperiod;  

  
%computation of parameters x. 
x=(log(A/F)+(r+sigmaA^2/2)*tau)/(sigmaA*sqrt(tau)); 

  
%Determination of outputs. 
VolAssets(1,1)=S-A*normcdf(x)+F*exp(-r*tau)*normcdf(x-

sigmaA*sqrt(tau)); 
VolAssets(2,1)=sigmaA-sigmaS*S/(A*normcdf(x)); 
end 

 

 

 

 


