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The subprime crisis shook the foundations of the global financial 

system and exposed the weaknesses behind current credit-risk 

models.  We argue that tweaking or fine-tuning such models is 

unlikely to improve their predictive capabilities as they were not 

designed to capture the trimodal shape of the loss distributions that 

characterize those portfolios.  Moreover, the binary (yes-no) aspect 

of default events implies that subordination in securitization 

vehicles not always offers the desired protection.  Finally, we show 

that in credit-risk portfolios the power of diversification is modest 

when compared to more conventional (equities or high-quality 

bonds) portfolios.  

The subprime crisis was, arguably, a financial modeling failure.  Many 

investments vehicles deemed safe turned out to be anything but.  In fact, a 

huge proportion of credit-linked products that had received a triple-A rating 

either defaulted or was downgraded severely [1, 2, 3].  In both instances 

investors suffered important losses. 

The reasons for the massive underperformance of such instruments is still 

subject to debate.  However, there is some consensus that behind this disaster 

(any other word seems inappropriate) there was a combination of many factors 

such as inadequate regulation, poor mortgage underwriting standards, serious 

conflicts of interests at the credit rating agencies, a deficient understanding of 

the markets capacity for self-correction, and the use of overly optimistic 

values for the key input variables in the models used. 
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The instruments that performed badly came in many shapes and forms.  

Nonetheless, they all shared a common feature: instead of being conventional 

debt instruments whose behavior was linked to the fate of a company, or 

government entity--in essence, a single factor--they were supported by 

diversified pool of assets.  In most cases, those assets were closely associated 

with mortgage loans.  The degree of diversification in these pools could be 

debatable, but the fact remains that there was a portfolio of assets behind the 

failure of all these disappointing instruments. 

Some of the mathematical models used to analyze the behavior of these pools 

of assets were rather simple.  The Binomial Expansion Technique or BET (the 

method employed by Moody's until the late 90s) comes to mind [4].  This 

approach relied on replacing the actual pool of assets, which could exhibit 

default correlation, by an uncorrelated pool of homogeneous assets, just for 

modeling purposes.  On the other extreme, there were more sophisticated 

models relying on Monte Carlo simulations based on a variety of functional 

representations to incorporate the default correlation.  The most famous (or 

maybe infamous) technique was the Gaussian Copula, which, in the non-

technical literature, was described as the formula that killed Wall Street [5].  

Notwithstanding important differences, all these models had one similar 

element: the probabilistic behavior of the underlying pool of assets was 

characterized as unimodal--maybe not necessarily normal--but yes, unimodal. 

Recent research by these authors as well as others have uncovered a rather 

different--and altogether more disturbing--problem, which might explain 

better the inadequacy of the above-mentioned models [6].  It is related to the 

fact that the probabilistic behavior of homogenous pools of assets is not 

unimodal, but trimodal.  This feature is significant for it changes completely 

the credit-risk profile of a portfolio subject to credit risk. 

In the case of a homogeneous portfolio, it is possible to derive a simple 

analytical expression for its probability mass function.  This facilitates a great 

deal comparisons with numerical simulations performed with Monte Carlo 

methods.  Moreover, it suggests that some commonly accepted notions such as 

the benefits of diversification or subordination (in the context of securitization 

vehicles) might be of limited effect.  Thus, coming back to our original 

statement, yes, the subprime crisis was indeed a predictive modeling failure 

but for a different reason.  The main culprit, we argue, was that the very 

essence of the probabilistic models used was wrong.  In other words, the main 

problem was the number of peaks in the distributions used. 



Unimodal versus Trimodal 

The best way to visualize the issue at hand is by means of a simple example.  

Let us consider a homogeneous pool made up on N=100 equally-weighted 

assets, something similar to the CDX.NA.HY index for instance.  Let us 

further assume that all assets can be described by the same default probability, 

p = 20%, an estimate that can be considered typical of a high yield portfolio, 

and also assume that the default correlation (ρ) between any pair of assets is 

the same, 25%. 

Figure 1 displays, in a continuous fashion, the true probability mass function 

of the number of portfolio defaults.  That is, the likelihood that the portfolio 

could experience X defaults (X = 0, 1, …, 100).  The same figure also displays 

the probability mass function obtained with a Monte Carlo simulation in 

combination with the Gaussian copula (MCGC), the favorite modeling 

approach to capture the correlation effects, not only before the subprime crisis, 

but even now.  The differences between the two curves are striking. 

Figure 1.  Scenario Probabilities, Based on the Number of Portfolio Defaults (X) Using 

Two Different Approaches: (1) Analytical Solution (Solid Line); and (2) Monte Carlo 

Simulation Combined with the Gaussian Copula (Dashed Line)

 

The analytical solution indicates the presence of three very salient peaks.  The 

first peak (perhaps not very relevant from a risk management viewpoint) 

indicates that the probability of having no defaults is 20%.  The MCGC 

approach misses this peak completely.  The analytical solution also indicates 

that the probability of having 20 defaults is 7.4% (second peak) whereas the 



MCGC suggests that the most likely scenario is having 8 defaults, an event 

whose probability is estimated as 3.3%. 

However, it is the third peak the most troublesome for it corresponds to a 

catastrophic scenario--100 defaults.  According to the estimate provided by 

the MCGC approach the probability of this event is almost zero.  

Nevertheless, the actual value is 5%.  Hence, the MCGC gives a very 

misleading assessment of the likelihood of experiencing a total-ruin scenario.  

We must emphasize that the three peaks that characterize the curve generated 

by the analytical solution are not a consequence of some particular numerical 

choice for the relevant parameters (p, ρ and N).  It is a feature imbedded in the 

structure of the analytical expression.  The only thing that changes, depending 

on the value of the three parameters, is the relative size of the three peaks.    

But a picture is worth a thousand words and thus not much needs to be added.  

The actual distribution and the approximate distribution obtained with the 

MCGC are so different that any estimate of the likelihood of having a specific 

number of defaults (say, between a and b, in which 0  <  a  <  b <  100) based 

on the MCGC curve is doomed to disappoint.  This type of calculation is 

critical in the context of a securitization, where one needs to estimate the 

probability that the number of defaults could reach the different attachment 

points that define the capital structure.  And this brings us to the next point. 

Does Subordination Matter? 

A typical (and in retrospect, naïve) investor when facing a securitization 

vehicle would probably ask, in reference to a specific tranche: What is the 

subordination level?  In other words, how many defaults does the underlying 

pool need to suffer before the tranche I am considering gets impacted?  The 

conventional thought is that the higher the subordination level (or, the thicker 

the tranches below the one considered) the safer the investment is. 

Think again then.  Figure 1 shows that for all practical purpose the scenarios 

located in the valley between the second and third peak are so unlikely to 

happen (probabilities almost zero) that different subordination levels might 

actually afford the same degree of protection.  More to the point: investing, for 

instance, in a tranche that gets affected when the number of defaults reaches 

90 might seem safer than investing in a tranche that is impacted with 40 

defaults.  However, that additional protection is a delusion as the probability 

of the pool experiencing any scenario between 40 and 90 defaults is almost 

zero. 



This observation is relevant in the context of some new regulatory initiatives.  

Many academics, the Bank of International Settlements (BIS) and the 

European Banking Authority (EBA) are pushing for minimum retention levels 

in securitization transactions.  The thought is that if the originating bank is 

forced to have "skin in the game," the bank will, presumably, be more 

committed to the future performance of the deal.  That assumption seems 

reasonable.  What is questionable--in light of the previously made point--is 

whether increasing the size of the tranche retained (normally the first-loss 

tranche) increases the size of the bank commitment.  In other words, a bank 

retaining, say, a first-loss tranche equal to 20% and a bank retaining a 40%-

tranche (assuming a loss given default factor of 50%) might be actually 

exposed to (virtually) the same amount of risk since experiencing 40 or 80 

defaults are equally likely events.  From a public relations and marketing 

viewpoint, however, it might be desirable to retain a 40%-tranche, but we 

claim that both positions are (using as a reference the previous example) 

indistinguishable from a credit-risk viewpoint. 

 

Diversification Might Be Overrated 

A well-accepted tenet of wise investment practices is diversification: do not 

put all the eggs in the same basket.  Even though this principle has been 

known for ages ("my ventures are not in one bottom trusted" boasts Antonio to 

Bassanio in The Merchant of Venice) it was really Markowitz who gave this 

concept a sound mathematical foundation.  But it was in the context of 

equities.  Or more precisely, in the context of assets whose performance was 

not driven by defaults, which are, after all, binary outcomes (yes or no).  

Markowitz's assets had returns based on normal distributions, or, at least, 

returns whose fluctuations could be described by continuous (smooth) 

functions. 

In the case of a homogenous portfolio, the analytical expression of the mass 

probability function allows one to write a simple formula for the variance of 

the portfolio loss.  Furthermore, it can be easily shown that as the number of 

assets in the pool goes to infinity, the variance of the portfolio loss reaches a 

limit: p ρ (1- ρ), where p and ρ represent the pool default probability and 

default correlation, respectively. 

What is unfortunate is that in many cases it does not take a big N (number of 

assets in the pool) to get very close to that limit.  In essence, in a pool whose 



performance is chiefly driven by defaults (that is, a credit-risk portfolio) 

increasing the number of holdings (diversification) has a limited effect. 

Figure 2 shows this effect.  The example corresponds to a portfolio 

characterized by p = 20%.  The plot displays, for different default correlation 

levels, the ratio between the actual variance of the loss and the above-

mentioned limit.  In summary, the graph shows that even for moderate 

correlation levels (30% for example) the benefits of having a pool of 25 assets 

and 100 assets are almost the same.  In fact, the pool with 100 assets not only 

offers little additional protection, but it also burdens the portfolio manager 

with a substantial extra monitoring effort.  And even for low correlation 

values (ρ = 5%), having a pool of 50 or 100 assets makes little difference. 

Figure 2.  Variance of Portfolio Loss Divided by p ρ (1- ρ) as a Function of N (Number of 

Portfolio Assets) for Three Correlation (ρ) Values.  

 

Concluding Remarks 

No matter how you look at it--and the mathematical arguments are beside the 

point here--the idea of using an approximation based on a unimodal 

distribution to derive conclusions regarding something which in reality 

follows a trimodal distribution seems at best inappropriate and at worst 

reckless. 

Clearly, when it comes to portfolios subject to default risk, tinkering with a 

few parameters, here and there, as long as we keep using the same old 

unimodal distributions is not going to do much good to the improvement of 

our predictive capabilities.  



In retrospect, this seems obvious.  There was never any reason to believe that 

portfolios whose assets fluctuate smoothly (stocks) and assets whose 

performance is binary (credit risk-pools) should have been analyzed with the 

same modeling tools.  One and three are indeed different.  A distribution with 

one peak and a distribution with three peaks are as different as a vehicle with 

one wheel and a vehicle with three wheels.  It is time to rethink the 

fundamentals of credit-risk portfolio modeling. 
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