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Demystifying Credit Risk Derivatives and Securitization: 

Introducing the Basic Ideas to Undergraduates 

 

 

Credit risk derivatives and securitization techniques are difficult topics to teach.  

Most students have preconceived ideas about them.  Some of them are quite 

wrong.  And frequently many students feel that there is almost something like 

“black magic” behind the concept that one can create Aaa-securities out of risky 

assets.  Additionally, the fact that credit derivatives played an important role in 

the recent financial crisis, coupled with the sturdy popularity of certain 

securitization vehicles, makes a strong case for teaching at least the basics of 

these topics to undergraduates majoring in economics, finance, or engineering.  

In this paper, we introduce the basic ideas with the aid of a simple but realistic 

example, and we illustrate some of the analyses that a prudent investor should 

carry out when considering such transactions.  Finally, we also introduce the 

correlated binomial, an analytical approach useful to analyze credit risk 

portfolios. 
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Credit derivatives, and more broadly, securitization—a technique used to create 

securities with different risk-reward profiles out of diversified pools of assets with 

predictable cash flows—are challenging subjects to teach.  Securitization is also a 

much misunderstood, if not maligned, concept. This is partly due to the subprime 

crisis:  many securitization transactions supported by risky and poorly originated 

loans ended up badly. However, the general public, most politicians, and the 

media, have not acknowledged that securitizations based on other assets such as 

mid-market loans, or emerging market sovereign debt, for example, have 

performed well. Moreover, the subject is often presented, at least in the mainstream 

press, as either extremely mathematically intensive—The Formula that Killed Wall 

Street is a good example—or illogical in some way (see Salmon [2009] and 

Tabarrok [2010]). This paper seeks to show that both views are misleading.   

Furthermore, many politicians, regulators, journalists, pundits—and sadly, 

more than a few financial professionals—have often claimed, exhibiting a 

misguided skepticism: “How can you create a Aaa-bond out of a junk portfolio?  It 

makes no sense to me.” 

Securitization, however, if properly done makes sense. Securitization of 

emerging market sovereign debt, for instance, offers a very positive example. In 

the late 90s most emerging economies had below-investment grade (junk) ratings. 

Hence, many institutional investors who wanted to gain exposure to this asset class 

were inhibited from doing so due to ratings constraints: insurance companies and 

pension funds, in general, are only allowed to buy investment grade bonds. Thus, a 

securitization vehicle was the ideal method to offer emerging market exposure via 

a diversified pool of assets and—at the senior tranche level—with an investment 

grade rating. More recently, bank loan securitizations are a good example of 

transactions that have performed well.   

Considering that many college graduates will eventually work in the asset 

management industry, as investment professionals, investment bankers, or 

regulators, the case for teaching the basics of credit derivatives and securitization is 

compelling. Also, professor Alan Blinder [2010] reflecting on how to teach 

economics after the subprime crisis made a persuasive case for including 

securitization as a regular feature in undergraduate courses. We concur with his 

view. In summary, recognizing the relevance of the topic, our aim is to introduce 

the subject in a friendly, but rigorous manner. This paper could also be a good 

companion to a recent article on teaching credit risk by Servaka and Theocharides 

[2012]. 

In what follows we assume that the reader—most likely a business, finance 

or engineering student—will have some basic background in probability and 

statistics. A good command of spreadsheet calculations would be useful.  
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Familiarity with MATLAB or Mathematica, although not necessary, will add 

greatly to the usefulness of the material presented. 

Most traders, bankers, and sophisticated investors normally analyze credit 

derivatives using models based on the Gaussian copula or some variations of it (see 

Li [2000], Andersen and Sidenius [2004], and Hamerle, Igl and Plank [2012]).  

The mathematics behind these approaches are challenging for most 

undergraduates. Additionally, these formulas, due to their complexity, make it 

difficult for the uninitiated to grasp the significance of the results, at least from an 

intuitive viewpoint. Therefore, we have chosen instead to approach our 

presentation based not on the Gaussian copula, but instead on a simpler and 

explicit expression, that treats the default correlation directly (not via asset-

correlation assumptions). We think that this approach, despite its simplicity, offers 

valuable insights into the key features of the topic at hand. In any event, it is worth 

mentioning that the Gaussian copula-Monte Carlo simulation strategy normally 

employed to analyze credit derivatives suffers from a serious conceptual flaw
1
. 

A SIMPLE EXAMPLE 

Refer to Exhibit 1 which describes a simple yet realistic securitization 

transaction. All securitizations are structured based on two key building blocks: 

assets and liabilities. We will refer to this example throughout the rest of the paper 

to illustrate our calculations. 

The Assets 

The portfolio of assets consists of 40 identical bonds (each has a $ 100/40 = 

$ 2.50 notional amount). The credit risk profile of an asset is typically specified by 

two parameters, its default probability, p and its recovery rate, α. In this case, we 

have a homogeneous portfolio (all assets have identical properties) characterized 

by p = 12% and α = 45%. The recovery rate represents the value of an asset upon 

defaulting. Therefore, each default causes a net loss of $ 2.50 x .55 = $ 1.375 to the 

portfolio.   

Also, the default correlation (ρ)—the extent to which two assets might 

default together—is estimated as ρ = 10% for all pairs of assets. More formally, 

this means that for all i≠j (i, j=1,…, 40) we have that Correlation (Ii, Ij) = ρ where 

Ii and Ij are binary default indicators (1 indicates a default; 0, no default). Finally, 

                                                           
1 This topic has been analyzed by Cifuentes and Katsaros [2007] and more recently 

by Pagnoncelli and Cifuentes [2014].   
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the maturity of the assets is assumed to be four years and the portfolio, as a whole, 

yields an annual interest (coupon), c=5%. 

The Liabilities 

Exhibit 1 describes a typical liability or debt structure. The senior piece (also 

called senior note or senior tranche) gets a coupon, c=2%; and the mezzanine 

piece receives a coupon, c=4%. The residual cash flows go to the equity piece 

(also known as first-loss piece or first-loss position). 

The mechanics of the cash flow distribution is straightforward: broadly 

speaking, the cash flows generated by the portfolio are assigned to the tranches 

according to their seniority. 

In the absence of defaults (remember that this pool of assets is subject to 

credit or default risk) all tranches receive their principal back (from the principal 

payments generated by the portfolio of assets). The interest payments generated by 

the portfolio are assigned, sequentially, to cover first the 2% coupon payment of 

the senior tranche and then the 4% coupon payment corresponding to the 

mezzanine tranche. The residual cash flows go to the equity tranche. 

However, the most likely situation is that the reference portfolio will indeed 

suffer some defaults. This, in turn, will impact the cash flows generated by the 

pool. Since the cash is allocated in order of seniority (or, alternatively, we can say 

that the losses are allocated in reverse order with respect to seniority) the equity 

piece would be the first to suffer the impact of a default. If the number of defaults 

exceeds a certain level, the equity piece would be “wiped out” (in terms of its 

principal) and the mezzanine tranche would start being affected. Even the senior 

tranche could experience losses if the number of defaults is high enough. 

The rules that spell out how the cash flows pass from one tranche to the next 

are called "waterfall" or more formally, the "priority of payments".  In most 

transactions interest and principal payments are distributed in a slightly different 

fashion (but always sequentially). However, for the purpose of this exposition we 

will not make such difference and will concentrate on the principal payments to 

estimate each tranche losses.   

The Legal Structure 

Securitizations require the creation of a trust to hold the assets.  This is a 

well-established legal concept in most common law countries (and more recently, 

in many Roman law countries under a legal construct called fideicomiso 

financiero). Conceptually, the trust (or special purpose vehicle, as it is sometimes 

known) is an entity created with the sole purpose of hosting these assets.  At the 
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moment of "creating" the securitization transaction ("closing" in banking parlance) 

the trust purchases the assets with the funds received from the investors who 

purchased the liabilities. In essence, there are two simultaneous acts at the onset of 

the securitization: purchasing the notes (by the investors) and buying the assets (by 

the trust).   

There is, of course, some "friction" at the onset of the transaction in the 

sense that a small fraction of the funds advanced by the investors (typically less 

that 2%) will go to pay to the parties structuring the deal (bankers, attorneys, rating 

agencies, and the like). However, the assets are normally bought at a discount and 

thus, the notional amount of both assets and liabilities are identical.   

To sum up: the whole idea behind the securitization scheme is to create, 

based on a diversified pool of assets whose credit profile is known, different 

securities with different risk profiles. The key concept is redistribution of risk. We 

are neither creating nor destroying risk; we are just re-arranging the risk imbedded 

in the original pool among the three tranches, in an uneven fashion. 

DETERMINISTIC ANALYSIS 

It is useful to explore, using some specific default scenarios, how they 

impact the different tranches. Columns 3, 4 and 5 of Exhibit 2 depict this 

calculation, which can be done easily in Excel. One might ask why an investor 

would buy the equity tranche, clearly, the riskiest. Noticing that the yield offered 

by the pool of assets is 5% we can write 

$ 100 x .05 = $ 50 x .02 + $ 30 x .04 + $ 20 x ER, 

which, solving for ER (the expected equity yield under a no-default scenario) gives 

ER = 14%. Such a high target return explains why an investor might be tempted to 

buy the equity piece. But obviously, there is no assurance that the equity will 

actually realize this attractive 14% return. Exhibit 2 indicates that this position is 

risky (only for the risk-loving investor) for it is extremely sensitive to the number 

of portfolio defaults. In fact, the equity gets affected with the very first default. 

We can also see that as long as the number of defaults does not surpass 14, the 

mezzanine tranche will suffer no losses (14 x (1- 45%) x $ 2.50 = $ 19.25 < $ 20).  

By the same token, as long as the number of defaults remains below 37, the senior 

piece will suffer no losses (36 x (1- 45%) x $ 2.50 = $ 49.50 <  $ 50). These simple 

calculations show that the different tranches do exhibit a different risk profile. 

In summary, the number of portfolio defaults needed to trigger losses to the 

tranches increases with seniority; which is also consistent with the fact that their 
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target returns (2% for the senior tranche; 4% for the mezzanine tranche; and 14% 

for the equity) are proportional to their risk levels.   

A NAIVE PROBABILISTIC APPROACH 

At this point it is appropriate to bring some probabilistic dimension to the 

analysis. In other words, account for the fact that there are 41 possible default 

scenarios, and each has a different probability of occurrence. For example, what is 

the likelihood that the equity holder will realize a 14% return? How likely is that 

the number of defaults could exceed, for example, 36 (the number required to 

impact the senior tranche)? Is there a better way to assess the level of risk 

associated with each tranche? 

We start by invoking, as a first approximation, the familiar binomial 

distribution characterized by, in this case, 40 trials and p=12%. In other words, we 

ignore the fact that ρ=10%, and just assume that the assets are uncorrelated.  

Although this is a dangerous assumption, (the 10% correlation value might seem 

small, but that does not mean it is irrelevant), this is a useful exercise.  

More formally, if we consider Ii (i=1,…, N) to be a binary Bernoulli random 

variable whose value is 1 or 0 (1 = default; 0 = no default), the number of defaults 

X experienced by a pool of N=40 assets is given by X=I1 + …+ IN. X follows a 

binomial distribution with E(X) = Np and Var(X) = N p (1-p). Consequently, the 

probability mass function is given by 

 

Exhibit 3 shows the probability mass function obtained with such approach.  

Exhibit 2 (second column) displays the probability of each default scenario, for 

some selected scenarios, along with the corresponding losses for each tranche, 

expressed as a fraction of the tranche notional amount. 

From Exhibit 2 it follows that the probability of having 36 or less defaults is 

for all practical purposes one. Therefore, this analysis seems to indicate that the 

senior tranche is foolproof: no chance of losses under any circumstances. The 

probability that the mezzanine tranche is not impacted (X ≤ 14) is computed below 

(Equation (2)). Likewise, the probability that the equity position is not impacted (X 

=0) is given by Equation (3). 
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The mezzanine piece seems very safe but the equity has a chance of almost 100% 

of experiencing losses since the probability of having some loss is 1 - .006 = .994.   

We can also compute the expected loss for each tranche (a better metric to 

characterize credit risk, since it takes into account both, the probability that a 

certain default scenario could occur, and the loss associated with it). Accordingly, 

this is simply the sum, for each tranche, of the probability of each default scenario 

(column 2 in Exhibit 2) multiplied by the loss suffered by the tranche under that 

scenario (columns 3, 4 or 5 of Exhibit 2, depending on the tranche under 

consideration). The expected losses for the senior, mezzanine and equity tranches 

are 0; .0001%; and 32.9998% respectively. The idea that the tranches exhibit risk 

profiles according to their seniority obviously holds. 

But we ignored the correlation: Should we feel comfortable with the fact that 

we pretended that there was no correlation?  Is there a simple way to bring it into 

the analysis? 

A BETTER APPROACH 

 The need to include the default correlation in the analysis is rather intuitive. 

We can illustrate this point with a simple exercise. Consider first an extreme 

situation: suppose that all the assets are perfectly correlated, that is, ρ=1. In this 

limit situation, if one asset defaults, which we know happens with probability 12%, 

all other assets will default as well. On the other hand, if we know that at least one 

asset did not default, which happens with probability 88%, we can be sure that the 

other assets did not default either. Hence, the analysis of the pool simplifies 

considerably since its default behavior can be described by a simple Bernoulli 

distribution with probability 12%. In the other extreme case, ρ=0, we obtain the 

standard binomial distribution, in which assets default independently.    

Thus, this exercise shows us that the correlation plays a key role in determining the 

distribution of defaults, and that such distributions can change significantly with ρ. 

Obviously, the question that remains to be answered is what happens when 0<ρ<1.  

Intuitively, we could speculate that in this case the actual distribution should be 

somewhere "in between."  

We will make use of an explicit expression for the probability mass function 

of a correlated binomial distribution. This expression has been used in image 

processing, biology and psychological testing applications. However, it does not 

seem to be widely known among finance professionals. The correlated binomial, 

C(p, N, ρ), has a probability mass function given by 
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where i=0, 1, …, N; p is the probability; N is the number of trials; ρ is the 

correlation between any two trials; and δ is defined as follows: 

if i=0 then δ = (1-p)ρ; if i=N then δ = pρ; otherwise δ = 0. 

It follows from Equation (4) that E(X) = Np and Var(X) = p(1-p)(N+ρN(N-1)). 

A few comments are in order. Observe that if ρ=1 we end up with a Bernoulli 

distribution with parameter p, since: (i) Pr(X=i) = 0 for i=1,…,N-1; (ii) 

Pr(X=0)=1-p; and (iii) Pr(X=N) = p. On the other hand, if ρ=0 it is easy to see 

that we recover the standard binomial with parameters N and p. The exact 

derivation of the formula relies on a special probability generating function
2
. In a 

very loose sense—and at the risk of oversimplifying—we could say that the 

correlated binomial represents a sort of "combination" of a standard binomial and 

Bernoulli distributions. 

Going back to our example, it is interesting to plot the probability mass function 

obtained with the correlated binomial and compare it with that obtained with the 

standard binomial. Exhibit 4 shows this function for ρ=.1, .3 and .5. The 

probability mass function is similar to the graph shown in Exhibit 3, except for two 

surprises: two local maxima at X=0 and X=40 that become more salient as ρ 

grows. The absence of those maxima in the standard binomial distribution implies 

that it grossly underestimates the likelihood of having no defaults, and of having 

40 defaults. We explore next the consequences of underestimating the probabilities 

of these two extreme scenarios when computing the different tranches’ expected 

losses.  

Exhibit 5 shows a fairly different risk profile for each tranche compared with 

the results obtained with the conventional binomial distribution. As in the binomial 

case, we can compute the probabilities that each tranche will not suffer any losses: 

 

 

 

For example Equation (5) shows that the senior tranche has a (1-.988) = .012 

probability of being impacted (much higher than before). The mezzanine tranche 

has a .01202 probability of getting hit, only slightly higher than the senior tranche, 

but much higher than the value estimated with the conventional binomial formula 

                                                           
2
 See Diniz, Tutia and Leite [2010] for details.  



 

10 
 

(.00004). This is due to the fact that right-hand side of the distribution, as Exhibits 

4 and 5 show, has a local peak at X=40; and the probability of having a number of 

defaults between 16 and 39 is negligible. And the equity tranche, according to the 

correlated binomial, has a 9.341% probability of realizing a 14% return (that is, the 

zero default scenario). Previously, this probability was estimated as 0.602%!  

The expected loss for each tranche is computed as indicated in the previous 

section. That is, adding the product of the probability of each default scenario 

(column 2 from Exhibit 5) by the tranche loss (column 3, 4 or 5 of the same 

exhibit, depending on the case). The expected losses for the senior, mezzanine and 

equity are, respectively, 0.12%, 1.2% and 30.9%.  They show a remarkable 

difference with the binomial case (ρ=0). Although the equity piece is marginally 

better (safer) in terms of the expected loss, the senior and mezzanine tranches are 

significantly riskier (the expected loss values obtained with the conventional 

binomial were 0 and 0.0001%). Thus, neglecting the correlation made us 

underestimate the risk of the most senior pieces while it had the reverse effect on 

the equity. 

That said, we can conclude that securitization does in fact work in the sense 

that we have created three different notes with three remarkably different credit 

risk profiles. A final check is in order: have we accounted for all the risk in the 

original pool?—a sort of ex post conservation of energy type of verification? 

Note that the expected loss of the asset pool (expressed now in monetary 

units) is .12 x $ 100 x .55 = $ 6.60. 

Thus, we can verify if the aggregate losses (in dollar terms) assigned to each 

tranche are consistent with this value.  In fact, for the senior piece we get: $ 50 x 

.12%= $ .06.  For the mezzanine, $ 30 x 1.20% =$ .36. And for the equity, $ 20 x 

30.90% = $ 6.18.  If we add them up we get $ 6.60. Hence, the total dollar losses 

add up; we have neither created nor destroyed anything. 

Students who have developed an Excel or MATLAB model of the simple 

securitization structure described in Exhibit 1 are encouraged to explore what 

happens if we play with the input variables, p, ρ, and the recovery rate. This 

exercise gives some insight into the stability of each tranche.   

For example: (1) if the actual default probability of the assets is not 12% but 

15%, how does the risk profile of each tranche change? (2) If the recovery rate is 

lower, say, 30%, how does it affect the senior piece? Or (3) what is the effect of 

increasing (decreasing) the value of the correlation?  Does it affect all tranches in 

the same manner? 
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More advanced students might seek to determine at which point (number of 

assets) the diversification effect reaches diminishing returns; or, more challenging, 

how does altering the size of the tranches (the so-called subordination level) 

change their risk profile.  

GOLD OUT OF JUNK? 

A final point to address, since a skeptical reader might still ask: sure, this 

seems OK, but, can you create a Aaa tranche out of junk? 

Here we refer to Exhibit 6. This table shows Moody’s default probabilities 

for bonds having a 4-year maturity.  In essence, the portfolio supporting the 

securitization just analyzed can be described as junk: a 12% default probability 

places our pool between Ba and B, clearly junk territory. 

We also refer to Exhibit 7; this is the table that Moody’s uses as the 

benchmark to determine its ratings, in this case, for 4-year bonds. It is based on the 

expected loss concept. 

The senior tranche in our example has an expected loss equal to .12%.  

Hence, it would achieve a rating somewhere between A and Aa. Can we achieve a 

Aaa rating for the senior piece? 

One obvious answer, for example, that does not require lots of calculations 

is to simply select a portfolio of assets with a higher (say, 50%) recovery rate.  

Alternatively, without altering the quality of the pool, one could achieve the same 

effect, by simply reducing the size of the senior piece at the expense of the 

subordinated tranches. For instance, a 40-30-30 capital structure (with $ 40 being 

the size of the senior piece) is a possibility. In both cases the expected loss of the 

senior piece would be zero, which is more than sufficient to deserve a Aaa rating.   

Additionally, without altering the capital structure (tranche sizes) one could 

achieve better ratings for the senior tranche simply by modifying (that is, 

improving) the quality of the pool. Running the model with p=6% (a better pool 

but still at junk level) in combination with a lower correlation value (ρ= 4%) and 

with the same recovery rate yields a .024% expected loss placing the rating of the 

senior tranche solidly at a Aa-level. 

An interesting exercise is to “design” a tranche with a specific credit risk 

profile (rating). This means trying different potential portfolios in conjunction with 

different tranche sizes. The idea is not only to obtain the desired expected loss 

target but also to achieve some reasonable degree of stability. A Aaa rating that 

deteriorates badly if, for instance, p deviates a little from its estimated value, might 

not entice many investors. 
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It should be mentioned that default correlation values are notoriously 

difficult to estimate.  Unlike equities—whose prices can be observed daily and 

therefore there are plenty of data to estimate correlations—bond defaults occur 

with much less frequency. Hence, data are sparse. Most analysts assume that 

default correlations within the 10%-20% range reflect "normal" times whereas 

values higher than 40% are appropriate for "stressful" scenarios
3
.  Consequently, in 

a real investment situation a full analysis of a given tranche performance should 

consider a range of correlation values.   

CONCLUSIONS 

We have introduced the basics of credit derivatives and securitization. And 

we have also introduced an analytical technique that is useful to assess the risks 

associated with the different tranches (bonds) issued in a securitization. 

In the context of the recent subprime crisis, this introductory note can help to 

grasp the dynamics behind some of the catastrophic failures observed. For 

instance: if the actual number of defaults experienced by a pool of assets turned out 

to be two or three times the value employed to design the securitization, clearly, 

the performance of the tranches will be disappointing. Much like the performance 

of a building designed to withstand an earthquake of magnitude 7, when it is 

shaken by one of magnitude 8.   

Finally, two words about some simplifications. It is fair to say that in many 

securitizations neither the pool of assets is homogeneous (in terms of their notional 

amounts or default probabilities) nor all the correlations are identical. However, the 

idea of using a homogeneous pool (characterized by an average default probability 

and an average notional amount) seems like a sound first step to gain insight into 

the overall behavior of any securitization vehicle. Nevertheless, in a number of 

actual transactions (mostly synthetic collateralized debt obligations or indexes such 

as the CDX.NA.IG or the CDX.NA.HY) the reference pools are indeed constructed 

using equally weighted positions. And traders characterize them referring to a 

single parameter to describe the default probability, and the correlation. That said, 

it might be tempting to believe that the idea of capturing the full default behavior 

of a pool of N assets with two parameters, one for the default probability and one 

for the default correlation, is hopelessly naïve. After all, there are—at least in 

                                                           
3
 An interesting discussion regarding how correlation evolves depending on market 

conditions can be found in the report by Williams, Fenn and McDonald [2012]. 
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principle—(N
2
-N)/2 different correlation values. However, in most practical cases 

these assumptions are adequate.
4
 

In summary, the correlated binomial formula discussed herein, despite the 

above-mentioned simplifications, offers a valuable insight that might be otherwise 

lost—at least with beginners—if one were to introduce these topics aided by more 

advanced modeling techniques, such as Monte Carlo simulations combined with 

copula functions, or, dynamic models incorporating the time-to-default as an extra 

feature. 

  

                                                           
4
  A detailed discussion of these modeling issues can be found in the paper by 

Agna, Agrawal and Islam [2008].  
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EXHIBIT 1 - A Simple Securitization Structure. 
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EXHIBIT 2 - Scenario Probabilities (and Tranche Losses) Computed with the Binomial 

Distribution 

Scenario Probability Tranche Losses 

Number of  Defaults  Senior Mezzanine Equity 

0 0.00602 0.00000 0.00000 0.00000 

1 0.03281 0.00000 0.00000 0.06875 

2 0.08726 0.00000 0.00000 0.13750 

3 0.15072 0.00000 0.00000 0.20625 

4 0.19011 0.00000 0.00000 0.27500 

5 0.18665 0.00000 0.00000 0.34375 

6 0.14847 0.00000 0.00000 0.41250 

7 0.09834 0.00000 0.00000 0.48125 

8 0.05532 0.00000 0.00000 0.55000 

9 0.02682 0.00000 0.00000 0.61875 

10 0.01134 0.00000 0.00000 0.68750 

12 0.00139 0.00000 0.00000 0.82500 

14 0.00011 0.00000 0.00000 0.96250 

16 0.00001 0.00000 0.06667 1.00000 

18 0.00000 0.00000 0.15833 1.00000 

20 0.00000 0.00000 0.25000 1.00000 

22 0.00000 0.00000 0.34167 1.00000 

24 0.00000 0.00000 0.43333 1.00000 

26 0.00000 0.00000 0.52500 1.00000 

28 0.00000 0.00000 0.61667 1.00000 

30 0.00000 0.00000 0.70833 1.00000 

32 0.00000 0.00000 0.80000 1.00000 

34 0.00000 0.00000 0.89167 1.00000 

36 0.00000 0.00000 0.98333 1.00000 

38 0.00000 0.04500 1.00000 1.00000 

40 0.00000 0.10000 1.00000 1.00000 
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EXHIBIT 3 - Portfolio Analysis Using the Binomial Distribution 
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EXHIBIT 4 Portfolio Analysis Using the Correlated Binomial Distribution 
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EXHIBIT 5 - Scenario Probabilities (and Tranche Losses) Computed with the Correlated 

Binomial Distribution 

Scenario Probability Tranche Losses 

Number of  Defaults  Senior Mezzanine Equity 

0 0.09341 0.00000 0.00000 0.00000 

1 0.02953 0.00000 0.00000 0.06875 

2 0.07853 0.00000 0.00000 0.13750 

3 0.13564 0.00000 0.00000 0.20625 

4 0.17110 0.00000 0.00000 0.27500 

5 0.16799 0.00000 0.00000 0.34375 

6 0.13363 0.00000 0.00000 0.41250 

7 0.08851 0.00000 0.00000 0.48125 

8 0.04978 0.00000 0.00000 0.55000 

9 0.02414 0.00000 0.00000 0.61875 

10 0.01020 0.00000 0.00000 0.68750 

12 0.00125 0.00000 0.00000 0.82500 

14 0.00010 0.00000 0.00000 0.96250 

16 0.00000 0.00000 0.06667 1.00000 

18 0.00000 0.00000 0.15833 1.00000 

20 0.00000 0.00000 0.25000 1.00000 

22 0.00000 0.00000 0.34167 1.00000 

24 0.00000 0.00000 0.43333 1.00000 

26 0.00000 0.00000 0.52500 1.00000 

28 0.00000 0.00000 0.61667 1.00000 

30 0.00000 0.00000 0.70833 1.00000 

32 0.00000 0.00000 0.80000 1.00000 

34 0.00000 0.00000 0.89167 1.00000 

36 0.00000 0.00000 0.98333 1.00000 

38 0.00000 0.04500 1.00000 1.00000 

40 0.01200 0.10000 1.00000 1.00000 
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EXHIBIT 6 Moody’s Ideal Default Probability Values (Tenor=4 Years) in percent 

Rating Probability Of Default (%) 

Aaa 0.03700 

Aa 0.18400 

A 0.54900 

Baa 1.42700 

Ba 8.14600 

B 21.51000 

Caa 47.31700 

Source: Cifuentes, A. and O’Connor, G.  “The Binomial Expansion Technique Applied to 

CBO/CLO Analysis.”  Moody’s Special Report.  1996. 
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EXHIBIT 7 Moody’s Target Expected Loss (Tenor=4 Years) in percent 

Rating Expected Loss Target (%) 

Aaa 0.00099 

Aa 0.02585 

A 0.18975 

Baa 0.66000 

Ba 3.74000 

B 9.97150 

Caa 24.13000 

Source:  Yoshizawa, M.  “Moody’s Approach to Rating Synthetic CDOs.”  Moody’s Special 

Report. 2008.   



 


