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Introduction 

 

Credit Risk 

Before we begin to define the term “credit risk,” we must first understand what a “credit” 

is. The term credit refers to the money given by a creditor to a debtor. In return for the money, 

the debtor pays the creditor an amount of interest. If the credit refers to a loan, then the loan 

principal is paid back by the debtor to the creditor at the end of the loan period. Specifically, 

credit comes in many different forms ranging from currency to loans to bonds. Naturally, there is 

also a risk associated with credit transactions, and this is where the term credit risk comes in. 

Simply put, credit risk is the risk of loss from a credit event with another party. These credit 

events typically include a failure to pay, bankruptcy, credit rating changes, and government 

action. Different ways to measure credit risk include credit spreads and credit ratings by agencies 

such as Moody’s or S&P. Ultimately credit risk is tied closely to default risk, and both terms are 

used synonymously. 

To help manage this credit risk, mathematical models have been developed over the past 

few decades. These models can be separated into different types such as structured models, 

reduced-form models, and empirical models. Each model has its own set of assumptions about 

credit risk and are employed in varying degrees in industry. More importantly, as financial 

institutions took on more and more credit risk in the 1990’s, the concept of credit risk has 

become more important. The increasing credit exposures of many of these companies made it so 

they looked for new techniques to manage this risk. With the recent credit crisis affecting the 

economy starting in 2007, the understanding of credit risk has become more imperative than ever 
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as practitioners constantly look for new ways to better manage it. That is why the next section is 

a description of different financial models that analyze credit risk. 

 

Structural models 

Merton 

Structural models, or asset value models, arose from the work of Robert C. Merton. The 

basic premise of this model is that a firm defaults when the market value of its assets is less than 

the debt it has to pay. The model looks at a company’s balance sheet to figure out the necessary 

inputs and predicts the likelihood a firm will default. Mathematically, for a firm with a zero-

coupon bond with a face value of D  maturing at T, the model assumes default at time T if At   is 

less than D. In this case, At  stands for the market value of the firm’s assets. Additionally, the 

other important fact in this approach is the view that debt holders have an option on the 

company’s assets. Using option-pricing techniques, the model measures default probability by 

calculating the probability that assets will fall below debt value (Chacko). Therefore, the change 

in asset value through time can be modeled by the following stochastic process: 

 

dAt

At

fffffffffff
= µdt + σdW t  

 

In the equation,  µ  stands for the drift parameter, σ >0 is the volatility parameter, and  W  

represents a standard Brownian motion. Solving the differential equation for At  and setting  

m = µ@
1

2
fff
σ2  , we derive the following: 
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At = A0 emt + σW t  

 

Because  W t  is distributed standard normal, the probability of default, p T
` a

, is given by 
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The steps above are the derivation for the Black-Scholes model. Using this model and using the 

fact that the payoff of debt can be seen as the difference between a treasury bond and a european 

put option ( p), we can price the value of a firm’s debt (D): 

 

D = D0 e@ rT
@ D0 e@ rT Φ @ d2

b c

@ A0 Φ @ d1

b cD E

 , where 
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ln A

0
D

0
*b c

+ r + 0.5σ2
b c
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In this case, D0  is the principal value of debt. Also note that we often have to use an implied 

volatility, where we “back out” the volatility value, when we cannot observe asset volatility 

directly. In summary, obtaining the distance for default comes down to solving the following two 

non-linear equations for V, the value of the firm and��, the standard deviation of the value of the 

firm: 
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Note that in the first equation, �� and �� use the same formula as in the Black-Scholes model. 

Our distance to default then becomes the following: 

�� � ���	 �⁄ � � ��  0.5����!
��√!

 

The corresponding probability of default is then the following: 

#$%�&'( � 
���� 
 After obtaining the debt value, we can derive a credit spread, which is a measurement of default 

risk. Using our previous equation,  D = D0 e@ rT  , we can solve for r  , the yield to maturity on the 

debt. Subtracting the corresponding treasury or risk-free rate from the yield to maturity gives us 

the credit spread (Bharath and Shumway). 

 

KMV-Merton Model 

The KMV-Merton model is very similar to the original Merton model. Perhaps the 

biggest difference is the iterative procedure that KMVcorporation uses in implementing its 

model. That is, KMV does not simply solve Merton’s two equations numerically. Instead they 

implement an iterative procedure. More importantly, the KMV proprietary model makes other 

adjustments to the original Merton model to better simulate real-world situations.  

 However, with any implementation of the Merton model, there will be standard 

shortcomings. Some of these shortcomings include the fact that default can only occur if the 
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value of the assets is less than the value of the debt on the maturity date. Additionally, the 

Merton model carries the same assumptions of the Black-Scholes formula, such as efficient 

markets, which we know is not true in all cases. Other shortcomings of the model include the 

assumption of no information asymmetry between management and investors. Finally, we know 

that bond indentures have safety covenants, so that conditions other than default of payment can 

result in firm payment. If bondholders exercise the covenant there could be spill-over effects on 

firm’s other debt. Perhaps, other debt defaults as well because of a provision in the covenant. 

Overall, like any other model, the Merton model is not perfect. 

 

Reduced Form Modeling 

The primary concept of reduced form models is that default is seen as a random event. As a 

result, there is no such thing as a gradual default. Instead, there is only an external signal that 

abruptly indicates default has occurred. Mathematically, the event of default can be described by 

a poisson process since poisson models look at the arrival rate or intensity of specific events. 

Correspondingly, the arrival rate, represented by λ , is a measure of a default intensity. Using the 

properties of the poisson distribution, we then know: 

 

• the expected time to default is 1 λ+   

• the probability of default at time t  over t  years is  1@ e@ λB t  

• the probability of survival at time t  over t  years is e@ λB t  
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Moreover, the classic poisson model is based on the fact that arrival risks are independent over 

time. Normally, λ  varies across time, so that the probability of survival at time t  over t  years 

can be revised to: 

 

p t
` a

= e
@Z

0

t

λ t
` a

dt

 , where  λ t
` a

 is intensity at time  t  

 

Now suppose that as time passes, we get new information about the credit quality of the issuer. 

For example, perhaps the default intensity has an underlying driver such as credit rating or the 

business cycle. If we continually update our model with this new information, we arrive at the 

doubly stochastic model of default: 

 

p t
` a

= E e
@Z

0

t

λ s
` a

ds

D E

 , where  λ s
` a

:0 ≤ s ≤ t
R S

 

 

It is called doubly stochastic because there are two levels of uncertainty. The first level is 

random variation of λ , and the second level is the arrival of default by a poisson process whose 

uncertainty varies with time.  

Based on this doubly stochastic process, we can derive the mean-reverting intensity 

model. This model is based on the fact that the intensity process λ  has independently distributed 

jumps at arrival times. Between these jumps, λ  reverts back at a rate of κ to a constant γ . As a 

result finding the instantaneous change in λ t
` a

 leads to solving the differential equation: 

 

dλ t
` a

dt

ffffffffffffffffff
= κ γ@λ t

` aB C
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The solution to this equation is given by: 

 

λ t = γ + e@ κ t@ T
` a

λ
T
@ γ

b c

 

 

In this equation, T  is the time of the last jump and  λ
T
 is the postjump intensity at time T. 

Supposing that jumps occur with an intensity c, and the jump sizes are exponentially distributed 

with mean J , then the conditional probability of survival from t  to s  is: 

 

p t,s
` a

= eα s@ t
` a

+ β s@ t
` a

λ t
` a
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Purpose 

The study to be conducted will mirror that of a study done by Sreedhar T. Bharath and 

Tyler Shumway, both from the University of Michigan. Their paper was entitled “Forecasting 

Default with the KMV-Merton Model” and was done on December 17, 2004. In their study, they 

compare the accuracy of the KMV-Merton model in predicting default to simpler alternative 

models. They also focus on fitted hazard models and look at implied default probabilities from 

credit default spreads and corporate bond yields. Nevertheless, this experiment will solely focus 

on the original Merton structural model. Specifically, it will test how accurate this model is in 
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predicting default over a twenty year period in comparison to historical data.  We will compare 

the Merton model with a similar model by KMV and a naïve model. Our goal is to get an 

understanding of which model is more accurate in predicting default. 

 

Procedures 

Our first step is to extract the needed data. The study will focus on the companies in the 

S&P 500 at the start of 1985 and run through 2005. Following Bharath and Shumway, we will 

use the North American Compustat Industrial Quarterly files and the CRSP monthly stock 

returns between 1985-2005. We will also exclude financial firms, those with an SIC code 60XX, 

from our sample because default in those firms is strongly tied with government regulations. 

Because we do not have access to a bankruptcy database like Bharath and Shumway, we will be 

using CRSP delisting codes to see whether a company has gone bankrupt or not. These codes are 

also useful in identifying whether or not a company has merged. We realize that it may be some 

time before a company’s delisting is preceded by an actual bankruptcy filing. Therefore, to 

supplement our list of defaults, we will also use a bankruptcy database by UCLA law professor 

Lynn Lopucki. This online database contains a list of public firms in the U.S. that have filed 

bankruptcy over the past few decades. 

The inputs to the KMV-Merton models include σE the volatility of stock returns, F the 

face value of debt, r the risk free rate, and T the time period. Accordingly, we will obtain each 

input in the way of Bharath and Shumway. σE will be the standard deviation of the company’s 

previous year’s stock returns for each month. F will be taken to be a company’s short-term 

liabilities (COMPUTSTAT line 45) plus half of its long term liabilities (COMPUSTAT line 51).  

It is important to note for that our data is the company’s data at the end of each year, so that data 
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in 1985 represents data for the end of the year. The risk-free rate will be the 1-year treasury 

constant maturity rate at the end of each year. Moreover, our time period will be one year. 

In regards to the debt values, several companies had zero debt or had incomplete 

information when pulled up in Compustat. Obviously, for those years where the company had 

these inconsistencies, they had to be excluded from the sample because Merton’s model for 

default is based on the fact that the firm value falling below the debt level is the primary 

indicator for default. There was also the case where a company’s short-term or long-term 

liabilities had a “C” next to it when pulled up in Compustat. This is because there is no data 

available during those years for the company, so in that case the debt value would be whatever 

what was reported. If both liabilities had a “C” next to it, then the data for that year had to be 

excluded. In terms of companies that have merged, we end the study period for those companies 

with the last year of full accounting data. Additionally, because we did not have access to the 

merged CRSP and Compustat databases, some companies had to be excluded. For example, a 

possible discrepancy is the fact that one company can be found on CRSP while the other can’t be 

found on Compustat.  

In order to run the Merton, the KMV-Merton, and the naïve model, we will use Microsoft 

Excel. In particular, we will use the Solver application to solve our two unknowns, ��+�� 	, in 

our two equations for Merton’s model as described in the introduction. Additionally, the KMV 

model is similar to Mertons with the exception that the KMV model uses an iterative process 

instead of directly solving the two equations. Following Bharath and Shumway, we will propose 

an initial value for��: 

�� � �� - �
� � �. 
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However, to keep things simple, we will proceed with this initial estimate in our KMV-Merton 

model instead of calculating the implied log returns on assets each day as Bharath and Shumway 

did.  

 

Naïve Alternative 

The naïve alternative we use will be exactly the one used by Bharath and Shumway. This 

alternative will not involve solving two equations for two unknowns nor will it use a complex 

iterative process. As Bharath and Shumway state in their paper, we want our naïve alternative to 

perform reasonably well in comparison to KMV’s as well as be relatively simple. For example, 

we approximate the market value of our debt to be the face value of debt for each company. 

Additionally, the expected return on the firm’s assets will be set equal to their stock return over 

the previous year. Since firms close to default have risky debt, the risk of their debt is correlated 

to equity risk. Thus, we can approximate our debt’s standard deviation as the following: 


+/0� �1 � 0.05 � 0.25�� 

This gives the following equation for the total volatility of the firm: 


+/0� �� � - �
� � �.�� � - �

� � �. 20.05 � 0.25��3 

Thus, our naïve distance to default is: 


+/0� �� � �� 4� � �
� 5 � �67&��  0.5 
+/0� ����!


+/0� ��√!
 

And our probability of default is 

#897:% � 
�
+/0� ��� 
Results 
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Excluding financial companies and companies that had inconsistent discrepancies 

between CRSP and Compustat, there were a total of 28 bankruptcies in our sample. Additionally, 

there were 172 mergers in the sample as well. Similar to the Bharath and Shumway paper, a 

majority of the companies analyzed had zero probability default, as calculated by the three 

different types of model. Below is an example of how the model in Excel would look to calculate 

Merton’s model. 

Market Value of Equity 9,924.255 d1 38.20

Equity Volality 7.446% d2 38.13

Value of Liabilities 808.795 n(d1) 1

Market Value of Assets 10687.62702 n(d2) 1

Asset Volality 0.06914535 Equity 9924.26

Time Horizon 1 Equity Volality 0.074464

Risk Free Rate 5.78% Diff 0.000000

Asset Drift Rate 5.78% Diff2 0.00%

Sum of squares 0.000000

Liability to default 808.795

First volatility guess 6.89%

Merton DD 38.13 KMV DD 13.36784285

Merton PD 0.0000 KMV PD 0.0000

Naïve D 808.795

Naïve Debt Volatility 0.068616095

Naïve asset volatility 0.07402368

Naïve return 5.78%

Naïve DD 35.67233877

Naïve PD 5.3083E-279

 

In the above table, the cells highlighted in yellow are the inputs to the Merton model. The 

corresponding outputs are the cells in blue. What Solver does is it makes the sum of squares cell 

equal to zero so that the value of the equity and equity volatility cells will be equal to each other. 

The cells highlighted in pink are the corresponding default probabilities for our three different 

models. 

Below is a table of some statistics measured in the data. 
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Means, Standard Deviations & Quartiles

Variables Mean Std. Dev. Min 0.25 Median 0.75 Max

MV of Assets 14352.21563 35632.689 4.314491236 1878.334896 4694.897687 11973.44832 663418

Asset Vol. 0.080779681 0.17862308 2.67107E-09 0.044053698 0.059850024 0.082347363 3.99902

Merton PD 0.009200559 0.08692431 0 0 2.2698E-192 5.11603E-85 1

KMV PD 0.007534164 0.07157629 0 2.01972E-66 4.79069E-38 8.89194E-21 1

Naïve PD 0.001131012 0.01397253 0 1.1735E-298 6.3823E-130 3.75468E-50 0.4009  

 

These are the corresponding outputs of the described model. The Naïve PD had the highest 

average rate of default out of the three models, but all three models had an average default rate 

under 1%.  Considering that there were 28 bankruptcies out of a possible 431 companies, all 

three models predicted a much lower average default rate. Notice also that our companies had a 

much lower rate of default than the corresponding data set used by Bharath and Shumway. Also 

note that the average for the KMV PD is lower than that of the Merton PD. We can attribute this 

to the fact that we only started with an initial estimate for the KMV model instead of following 

an iterative process, which would better approximate it. 

 

Conclusion 

Consistent with what was found in the Bharath and Shumway paper, the Merton model is 

not the best model for accurately predicting default. Primarily, its oversimplification of the 

company’s liabilities and the fact that default does not have to occur only when the debt expires 

are major reasons for its shortcomings. Although the KMV-Merton model improves slightly on 

this track record, it too is not a great predictor. Obviously, this modified KMV-Merton model 

that Bharath and Shumway uses and what we used here is a simplified version of the one KMV 
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employs. Their proprietary model would probably make more adjustments to the Merton model 

to match real world scenarios. Unfortunately, we do not have access to the model.  Therefore, it 

is no wonder that our naïve predictor is on par with both models, as the data suggests. 

 As stated previously, our rate of bankruptcy was much lower than what was seen in the 

Bharath and Shumway paper. I believe a major reason for this discrepancy was that we only 

looked at a set of S&P 500 companies at one point in time. These companies were the biggest 

500 public companies in America at the time. Naturally, they would have a lower probability of 

default because they are supposed to be in relatively good financial health in order to be listed on 

the index. This is in comparison to Bharath and Shumway who include firms in the NYSE and 

AMEX, a much larger sample over a longer period of time. It is only natural that because they 

took such a large and more diverse sample, they would have a higher rate of bankruptcy. 

 The most important result coming out of this study is the fact that a practitioner cannot 

rely on one model to accurately capture a company’s credit risk. Perhaps the Merton model in 

conjunction with a reduced form or empirical model could give a better picture of the firm’s true 

credit health. And of ten times, what looks strong in academia is not true in the real world. For 

example, the Merton’s model simplification of a company’s balance sheet is an example of this. 

Additionally, one cannot discount qualitative data as well. Factors such as strength of 

management for example are important players in determining if a company is a worthy 

investment or not.  These factors cannot be captured in just one model. Therefore, while the 

Merton model can give us a ballpark estimate of how the firm’s credit health looks like, the key 

is to synthesize several different strategies. 
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Excel Macro used for Calculating Merton 

Sub Macro5() 
'This is a macro used to calculate the Merton model using Solver to simultaneously solve two 

equations for two unknowns. The macro takes cell data, the inputs to the model, from 
different worksheets and computes the value of the firm and its corresponding standard 
deviation, entering those values in a separate worksheet. It will then keep on looping until 
it finds a blank active cell. 

 
'The macro first takes Merton’s necessary inputs from the different spreadsheets.  
 
    Do Until ActiveCell.Value = "" 
    Sheets("Stock").Select 
    ActiveCell.Offset(12, 6).Select 
    Selection.Copy 
    Sheets("Model").Select 
    Range("B1").Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Stock").Select 
    Application.CutCopyMode = False 
    ActiveCell.Offset(0, 3).Select 
    Selection.Copy 
    ActiveCell.Offset(0, -9).Select 
    Sheets("Model").Select 
    Range("B2").Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Debt").Select 
    Application.CutCopyMode = False 
    ActiveCell.Offset(0, 5).Select 
    Selection.Copy 
    Sheets("Model").Select 
    Range("B3").Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Debt").Select 
    Application.CutCopyMode = False 
    ActiveCell.Offset(0, 1).Select 
    Selection.Copy 
    ActiveCell.Offset(1, -6).Select 
    Sheets("Model").Select 
    Range("B7").Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
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        :=False, Transpose:=False 
 
‘The macro resets solver and uses solver to simultaneously solve the two equations. 
 
        SolverReset 
    SolverOk SetCell:="$D$9", MaxMinVal:=3, ValueOf:="0", ByChange:="$B$4:$B$5" 
    SolverAdd CellRef:="$D$7", Relation:=2, FormulaText:="0" 
    SolverAdd CellRef:="$D$8", Relation:=2, FormulaText:="0" 
    SolverOk SetCell:="$D$9", MaxMinVal:=3, ValueOf:="0", ByChange:="$B$4:$B$5" 
    SolverSolve userFinish:=True 
 
   ‘The macro copies the values found from Solver and enters them into another spreadsheet. 
 
    Sheets("Model").Select 
    Application.CutCopyMode = False 
    Range("B4").Select 
    Selection.Copy 
    Sheets("Sheet1").Select 
    ActiveCell.Offset(0, 3).Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Model").Select 
    Application.CutCopyMode = False 
    Range("B5").Select 
    Selection.Copy 
    Sheets("Sheet1").Select 
    ActiveCell.Offset(0, 1).Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Model").Select 
    Application.CutCopyMode = False 
    Range("B13").Select 
    Selection.Copy 
    Sheets("Sheet1").Select 
    ActiveCell.Offset(0, 1).Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Model").Select 
    Application.CutCopyMode = False 
    Range("D13").Select 
    Selection.Copy 
    Sheets("Sheet1").Select 
    ActiveCell.Offset(0, 1).Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    Sheets("Model").Select 
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    Application.CutCopyMode = False 
    Range("B21").Select 
    Selection.Copy 
    Sheets("Sheet1").Select 
    ActiveCell.Offset(0, 1).Select 
    Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks _ 
        :=False, Transpose:=False 
    ActiveCell.Offset(1, -7).Select 
    Loop 
End Sub 


