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“At times we can lose sight of the ultimate purpose of the models when their mathematics become too interesting. The mathematics of financial models can be applied precisely, but the models are not at all precise in their application to the complex real world. Their accuracy as a useful approximation to that world varies significantly across time and place. The models should be applied in practice only tentatively, with careful assessment of their limitations in each application”

Nobel Lecture by Robert Merton, December 9, 1997
Model risk relates to the risks involved in using models to value and hedge securities. For simple instruments such as stocks and straight bonds model risk may seen to be insignificant, however, model risk becomes a compelling issue for institutions which trade OTC derivative products and execute complex arbitrage strategies. 

In liquid and more or less efficient securities markets, the market price is, on average, the best indicator of the asset’s value. In the absence of liquid markets and price discovery mechanisms, there is no other alternative than theoretical valuation models to mark-to-model the position, to assess the risk exposure along the various risk factors and to derive the appropriate hedging strategy. The trader and the risk manager are like the pilot and co-pilot of a plane which fly under IFR
, and rely only on flying instruments to land the aircraft. Any error in the electronics on board, and one heavy storm will be fatal to the plane. And indeed both human errors and faulty equipment do happen, and crashes do occur. In the financial arena there is no market crisis, whether minor or more serious like the recent Asian crisis, without several large trading losses reported in the media, some of them forcing institutions to restructure, to disappear or to accept a takeover by a rival firm like UBS in 1997.
 

In the following, we illustrate some classic examples of what can go wrong when trading relies on theoretical valuation models. These models are susceptible to errors: from incorrect assumptions about price dynamics and market interactions, through estimation error on volatilities and correlations and other inputs that are not directly observable and must be forecasted, in implementing the valuation models. Most models are derived under the assumption of perfect capital markets but, in practice, market imperfections lead to substantial and persistent differences between the way markets actually behave and the models’ implications.

Since 1973, with the publication of the Black and Scholes and Merton option pricing model, we have witnessed relentless increased complexity in the theoretical approach to valuation. The area of fixed income instruments and derivatives is striking. In the seventies market risk was assessed using a simple duration-based measure, with or without a convexity adjustment. With increased sophistication in the design of securities, like the addition of imbedded options, valuation is now often based on complex multifactor stochastic interest rate models which are only understood by “rocket scientists”. 

The pace of model development has accelerated  to support the  rapid growth of financial innovations like caps, floors, swaptions, spread options and other exotic derivatives. But, these innovations have also been made possible because of new developments in financial theory which allow a better capture of the many facets of financial risks. At the same time, these models would have never been implemented in practice, and not so well accepted on the trading floor, would the growth in computing power has not accelerated so dramatically. It seems that financial innovations, model development and computing power are engaged in a sort of leapfrog game; financial innovations call for more model complexity, which in turn requires more computing power. Using complex models and huge computing power increases the level of comfort of traders and give them the incentive to innovate more. 

This dynamic process, however, can be treacherous if the risk management function in financial institutions does not have the authority to tame the beast before it runs wild.
 Reliance on models to trade and manage risks carries its own risks. In the next section we elaborate on what is a model, and what are the sources of model risk. Then, we present our typology of model risk. It is followed by a few classical examples to illustrate what can go wrong when models are not used with caution. In many instances, too much faith in those models may lead institutions to take unconsciously large bets on key parameters, such as volatilities or correlations, which are difficult to predict and are unstable over time. Finally, we present our views on what Market Risk Management in a financial institution should do to mitigate model risk. 

1. Valuation models and sources of model risk

In financial markets two types of securities are traded: “fundamental” instruments like stocks, bonds and loans, and “derivatives” securities which are distinctly more complicated than the traditional ones. 

Theoretical valuation models for fundamental assets are derived from general equilibrium considerations in the economy and the assumption that financial markets are perfect and efficient. The principles for valuation of fundamental securities are well accepted; investors prefer high returns and dislike risk. The models are expected to produce guidelines rather than very precise valuations. For example, a risky security should have a higher expected return than a risk free security. But how much higher? Pricing theory cannot give a specific value unless perfect information exists. The dependence of models on unobservable expectations and risk aversion makes precise valuation difficult for fundamental securities. It also means that market participants do not rely extensively on theoretical models in trading them.

Pricing models for derivatives, on the other hand, value a derivative instrument relative to the price of its underlying asset. A swaption, for example, is an option on an underlying swap.
 The values of the derivative and the underlying are perfectly correlated over short time intervals. However, the underlying asset needs not be priced correctly in the market in order to produce the equilibrium value of the derivative. This is possible because the models are derived from considerations of no-arbitrage between the derivative and its underlying asset. If the derivative’s market price differs from the model value, then an arbitrage strategy can be implemented that earns a risk-adjusted return above normal, regardless of how the underlying is priced vis-a-vis other securities in the market. 

Taking the risk of oversimplification, we classify all models that prevail in finance into three categories: structural models, statistical models and models which are a mixture of structural and statistical models.

(i)  Structural models are based on a system of premises on how markets operate under rational behaviors, and on assumptions on the underlying asset price process and on market equilibrium conditions which allow one to draw inferences on equilibrium prices. The celebrated Black-Scholes (1973) formula is the best known example of a model derived from an arbitrage-based trading strategy that combines the option and its underlying to create a delta neutral portfolio that is free of market risk and is unaffected by small changes in the underlying price over a short time interval.

(ii)  Statistical models rely on empirical observations formulated in terms of correlations rather than causation. A classic example is the market model which specifies the return generating process for a stock as:








(1)

where 

 and 

 denote the rate of return on stock i and on a stock market index M, respectively,  where 

 and 

  are the constant regression coefficients, and where 

 is the deviation of actual observed return from the straight linear relation 

. The generating process of returns as described by (1) is purely empirical, and should not be confused with the Capital Asset Pricing Model (CAPM) which is an equilibrium model.

Another example of a statistical model is the Generalized Autoregressive Conditional Heteroschedatic (GARCH) volatility model for equity returns. There are structural reasons for equity volatility of an individual firm to be non stationary, due , for example, to  the variation of its financial leverage when the asset value of the firm changes.
 Instead of modeling the process for volatility through a structural model of the capital structure of the firm, one can capture empirically from past returns most of the actual dynamics of equity volatility through a statistical model like GARCH.

(iii) Mixture of structural and statistical models, for example the GARCH option pricing model which combines features of both types of models.
  In the case of the GARCH option pricing model volatility is assumed to follow a GARCH process, calibrated on historical data, but the equilibrium price of the option is based on a no-arbitrage argument conditional on GARCH volatility.

Model based trading can be dangerous because the model may be irrelevant or the model may be incorrect:

(i)  The model is irrelevant. There is no solid financial theory to support the model, or empirical evidence to verify its validity. It is for example the case of many of the chartist models which pretend to forecast stock prices or exchange rates. A basic premise in finance in that financial markets are efficient, and therefore price changes are  purely random, and cannot be predicted from past series of price changes. Also, models to predict stock prices that are based on “sun spots” have not yet been proved to be valid and relevant. 

(ii)  The model is incorrect. Derivatives trading depends heavily on the use of mathematical models based on well accepted theoretical principles, which involve complex equations and advanced mathematics. In its simplest form a model is incorrect if there are mistakes in the set of equations, or in solving the system. A model is also incorrect if it is based on wrong assumptions about the underlying asset price process, for example, a model of bond pricing which is based on a flat and fixed term structure, while the actual term structure of interest rates is steep and unstable. 

Financial engineers are constantly struggling to find the optimal compromise between complexity for a better representation of reality, and tractability. An example is the widespread use of the lognormal probability distribution with constant volatility for security returns, as in the Black-Scholes model, even though it is well documented that volatility varies over time, and actual returns in virtually every market have fat tails, i.e. the actual probability of a large price change is greater than the model allows for. What is less known, however, is their impact on the risk exposure of a given position or trading strategy.

The problem is compounded by the fact that derivatives models require the statistical estimation of a number of input parameters which are not directly observable like, for example, volatilities, correlations and mean reversion. These parameters must be forecasted using statistical techniques but, necessarily, there will be forecasting errors that add to model risk.

The difficulty of controlling model risk is further aggravated by errors in implementing the theoretical models, and differences between market prices and theoretical values which may persist over time due to irrational behaviors, or some forgotten factors. For example, we don’t have a satisfactory explanation for why investors in convertible bonds don’t exercise their conversion option in a way which is consistent with model prediction.

Computers are now so powerful that there is a temptation to develop more and more complex models which are less and less understood by management. There is clearly a need for risk management to have a thorough understanding of the pros and limitations of all the models being used within the firm. As Alan Greenspan commented in one of his allocutions in March 1995, “The technology that is available has increased substantially the productivity for creating losses”.

Empirical evidence shows that model error can be quite large and can be expected to lead to significant risk in derivatives pricing and risk management. Figure 1 summarizes the various levels at which model risks can occur.
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Figure 1: Various levels of model risks

2. Typology of model risks

Fischer Black was the first to admit that the Black-Scholes model is an excellent starting point, but not the perfect model.  In his 1992 note, devoted to problems in estimating and applying the Black-Scholes model, he asserts that “Given the range of problems, it is remarkable that option formulae sometimes give values that are very close to the prices at which options trade in the market.  As it stands, the Black-Scholes formula gives at least a rough approximation to the formula we would use if we knew how to take all these factors into account.  Further modifications of the Black-Scholes formula will presumably move it in the direction of that hypothetical perfect formula.”

There are many aspects to model risk, both philosophical as well as practical.  In this section we summarize the practical issues which can be at the origin of substantial trading losses, and which require considerable attention and careful monitoring from management. The list supplied below is not in any order of importance, or frequency of occurrence.  Some of the issues can belong to more than one category.  

2.1 Erroneous Model and Model Misspecification

2.1.1.  Errors in the analytical solution.  Since most financial models rely on mathematical formulations, often using complex statistical tools, there is always the danger of reaching the wrong solution.  This problem is especially serious when pricing new complex derivatives with special features that make them path dependent, or depending on more than one source of risk.

2.1.2.  Misspecifying the underlying stochastic process.  The most frequent error in model building is to assume that the distribution of the underlying asset is stationary while, in fact, it is not. The case of volatility is striking. 


Derivatives practitioners know very well that volatility is not a constant. They try to accommodate for this problem by using implied volatilities which differ for each maturity and striking price, and derive what is known as volatility term structure, volatility smile, or volatility surface. But such adjustments are simply rules of thumb and are not rigorously justifiable. An alternative is to assume that volatility is itself stochastic, and to develop a consistent option pricing model. Still several choices are available:

- Assume that the price of the underlying instrument is generated by a mixture of processes, e.g. a log-normal  distribution and a jump process, (e.g. for exchange rates); the existence of jumps is due to the arrival of new information to the market.

- Assume that volatility is driven by a GARCH type of process, and implement a pricing model in the spirit of Duan (1995) or Ritchken and Trevor (1997);

- Derive the implied distribution for the underlying asset from actual option prices of simple options, and price exotic derivatives accordingly following the approach proposed by Derman and Kani (1994), Dupire (1994) and Rubinstein (1994);

- Adopt a corporate finance approach where the variability of volatility is driven by the capital structure and the volatility of the assets of the firm as in Bensoussan, Crouhy and Galai (1994);


- Derive a two-factor option pricing model as in  Heston (1993) where volatility is itself a stochastic variable in addition to the asset price. This allows for jumps but creates an unhedgeable risk in the option price and eliminates preference-free pricing.  

In any case, option valuation models become quite difficult computationally under any sort of stochastic volatility. Moreover, introducing new unobservable parameters associated with the volatility process into the valuation model, makes the estimation problem even more severe.  The same comments apply for correlations which may become a critical risk factor when it is itself volatile. This is especially true for quanto options and credit derivatives.

The process may also have been misidentified, even in the case of a single stochastic factor model with a stationary distribution. Instead of equity returns being normally distributed with stochastic volatility, they may instead follow a stationary Constant Elasticity of Variance (CEV) process. 

Finally, it is also suggested to use the empirical distribution, rather than a theoretical one, in order to account for the observed “fat tails” in the distribution of stocks’ rates of return. For example, an analytic VaR model may yield wacky results for highly volatile currencies like the Indonesian Rupiah during the Asian crisis. In this instance, the distribution of short term interest rate changes is relatively clustered around the mode, with a few observations which lie very far away in the tail. Calibrating a lognormal distribution on such empirical observations leads to huge model errors. Historical simulation based on the actual empirical distributions produce more reasonable risk measure. 

Since it is so important to specify correctly the return distribution of risk factors, one can use the Kuiper’s statistic to measure how close are the estimate and the actual probability density functions (PDFs).
 Crnkovic and Drachman (1996) suggest to rely on this technique to assess if the VaR model passes backtesting with only 1,000 data points, i.e. 4 years of P&L history.

2.1.3  Missing risk factors.  For simple “vanilla” products, like a callable bond, a one factor term structure model might be enough to produce accurate prices and hedge ratios.  For more complex products, like spread options or exotic structures, a two-or three-factor model may be required to avoid presenting nice arbitrage opportunities to competitors, as it was the case for the US cap book of Bank of Tokyo-Mitsubishi.

2.1.4 Missing considerations like transaction costs and liquidity. Most financial models are derived under the assumption of the existence of perfect capital markets.  (see Chapter 1 Section 4 for a discussion of the academic background to theoretical models.)  In reality many markets, especially in less developed countries, are far from being perfect. OTC products are not traded, and usually cannot be perfectly hedged. 

Most derivative pricing models rely on the possibility to implement a delta neutral hedging strategy. In practice a delta neutral hedge of an option against its underlying is far from being completely risk free, and keeping it delta neutral over time requires what can be a very active rebalancing strategy. In fact, while market pricing of options depends heavily on theoretical models derived from such dynamic hedging strategies, there is virtually no trading in actual markets that attempts to execute exactly the continuous rebalancing option replication strategy that  these models are based on. For one thing, the theoretical strategy involves an enormous number of transactions, but trading costs in practice are too large for that to be feasible. Nor is continuous trading possible even if one wanted it, when markets are closed at night and on weekends.  Nor are potential arbitrageurs certain they know exactly the value of volatility and other model parameters.

Liquidity, or rather the absence of liquidity may also be a major source of model risk. Models assume that the underlying  asset can be traded long or short at current market prices, and that prices won’t change dramatically when the trade is executed. An excellent example of this problem occurred during the 1994 bond market turmoil, after the Fed unexpectedly tightened interest rates. Askin Capital Management, holding a portfolio of the most complex mortgage-backed securities was forced to liquidate under stressed market conditions. The total loss realized on the portfolio was reported to be close to $600 million, the entire equity base of the fund. In fact this fiasco is the result of both liquidity and model risks. The portfolio of collateralized mortgage obligations (CMOs) was supposedly hedged (delta neutral), and therefore should have been relatively insensitive to the rise of interest rates during the period February to April 1994. The daily mark of the book and the hedge ratios were derived from proprietary pricing models which turned out to be flawed. The fund started to suffer increasing margin calls, which it was eventually unable to meet. The fund being highly levered ($2 billion assets for $ 600 million equity) it had to sell its assets under very unfavorable terms to meet collateral call payments as the value of the assets kept dropping.

Liquidity is also one of the cause of a $670 million loss at UBS in their position in convertible preference shares issued by Japanese banks. When late November 1997 the Japan’s bank crisis worsened, some of the banks’ shares did not trade for days at that time and UBS was unable to adjust its hedge.

2.1.5.  Misclassifying or Misidentifying the Underlying Asset. The question is whether the underlying instrument is a primary asset, or is it itself a contingent asset on another underlying asset (or assets). For example, if we look at equity as a call option on the firm’s assets, then a call on the shares of the firm is a compound option (see Galai and Masulis (1976).)

2.2 Incorrect implementation of the model.

2.2.1  Bugs in the program and approximation errors. For complicated models that require extensive programming, there is always a chance of having a bug that may affect the output.  

Some implementations rely on numerical techniques with inherent approximation errors and limited range of validity. Many programs, however, are tested under normal conditions but may fail to detect errors for extreme cases.

2.2.2. Insufficient number of simulation runs.  In models requiring a Monte-Carlo simulation, or models based on the tree approach, large inaccuracies in prices and hedge ratios can creep-in if not enough runs or time steps are implemented.  This is a case where the model can be right, and the data are accurate but the results are wrong since the computation process did not have time to converge.

2.2.3.  Non-simultaneous data feeds.  For models evaluating complex derivatives, data are collected from different sources.  The implicit assumption is that for each time period the data for all relevant assets and rates pertain exactly to the same time instant, and reflect simultaneous prices that actually were observed, or could have been realized.  Using non-simultaneous price inputs can lead to wrong pricing.

2.3 Incorrect model calibration

In implementing any pricing models, statistical tools are used in order to estimate the model parameters such as volatilities and correlations on the one hand, and to estimate the power of the estimation on the other hand.  Inherent in any statistical procedures are potential problems that may affect the outputs of the model.

2.3.1.  Competing statistical estimation techniques.  Usually more than one statistical procedure can be used to estimate parameters.  For example, for estimating the variance do we use the unbiased estimator (dividing by n-1, where n is the number of observations), or do we use the simple average of squared deviations from the mean (i.e. dividing by n only).  Do we use ARCH or GARCH models to estimate non-stationary volatility? Etc.

2.3.2.  Estimation errors.  All statistical estimators are subject to estimation errors of the inputs to the pricing model, which in turn may yield to erroneous results. Statistical procedures may yield information on the nature of the estimation errors, however, this information does not help the traders that must decide whether to buy or sell a given derivative, or what specific hedge ratio to use.

2.3.3.  How to deal with “outliers”.  A major problem in the estimation procedure is the treatment of “outliers” or extreme observations.  The question is are “outliers” really outliers which do not reflect the true distribution, or, are they important observations and relevant data that should not be dismissed.  The results of the estimation procedure will be vastly different depending on how we treat extreme past observations.

2.3.4 Estimation intervals.  Each bank, or even each trading desk within a bank may use a different estimation procedure in order to estimate the model parameters.  Some may use daily closing prices, while others may use transactions data. Whether one uses calendar time (i.e. the actual number of days elapsed ), trading time (i.e. the number of days while the underlying instrument is traded), or economic time (i.e. the number of days during which significant economic event take place).

2.3.5 Calibration and revision of estimated parameters. Valuation models are used in a continuously changing environment. An important question, then, is how frequently input parameters should be refreshed. Should the adjustment be made on a periodic basis, or should it be triggered by an important economic event?

A related issue is to what extent parameters should be adjusted based on qualitative judgment, or should they be purely statistically based. The statistical approach is backward looking, while a human adjustment can instead be forward looking, taking into account a personal assessment of future developments in relevant markets. For example, the instantaneous hedge ratios for an option must reflect expected changes in volatility, especially for short-term options. This is critical during periods when announcements for important macroeconomic news or firm-specific news will be made. Volatility for some announcement days is often equivalent to several regular business days in its impact on the option value.

2.4 Market Data Processing

The quality of a model depends heavily on the accuracy of the input parameter values that feed the model. The adage “garbage in - garbage out” should never be forgotten when implementing models which require the estimation of several parameters. Volatilities and correlations are the input parameters to a theoretical valuation model that are the hardest to judge accurately. Unlike the option’s strike and maturity which are fixed, or the asset price and interest rate that can be easily observed directly in the market, volatilities and correlations must be forecasted. 


The most frequent problems faced in estimating values on the one hand, and assessing the potential errors in valuation on the other hand are listed below.

2.4.1  Length of the sampling period. This is subtle question, since adding more observations improve the power of statistical tests and tend to reduce the estimation errors. But, the longer is the sampling period, the more weight is given to potentially stale and obsolete information. Especially in dynamically changing financial markets “old” data can become irrelevant and may introduce noise to the estimation process.

2.4.2  Inaccurate data. Most financial institutions use internal data sources as well as external databases. The responsibility for data accuracy is not often well specified. It is therefore very common to find data errors which can significantly affect estimated parameters.

 This problem is even more serious for volatility estimation since variance is the average of squared deviations from the mean, and therefore any error in the data bears substantial weight in the calculations.

2.4.3  Problems with bid/ask prices. Most liquid securities trade in markets with market makers, or specialists, who quote buying and selling prices for any given security. For low-priced securities that are less liquid the bid-ask spread can be quite substantial. This trading procedure creates “noisy” prices, and hence biased estimations of volatilities and correlations. This problem can be more serious that ignoring direct commissions on trading securities.

2.4.4  Frequency of trading and market depth. Like the previous one, this issue is related to the liquidity of the market. Observations of market prices are not equally spaced. Many securities are not frequently traded and, therefore, their time series of prices may contain stale or inaccurate information. For example, most corporate bonds are rarely traded. This is true also for many long-term Government bonds. Some prices may reflect negligible trade due to the lack of depth, and therefore may constitute unreliable information to predict future price distributions.

2.5 Model mis-application.

A model can be found to be mathematically correct and consistent with finance therory, and data is accurate, but it may be the case that the model is mis-applied to a given situation.

2.5.1  Changing market conditions. As Derman (1992) observes “the model you developed may be inappropriate under current market conditions, or some of its assumptions may have become invalid ”. This is for example the case for the widely accepted HJM model for the term structure of interest rates.
 This multifactor model assumes lognormality of the forward rates and seems to fit relatively well most of the world markets, except for Japan which is characterized by very low interest rates and for  which a Gaussian and square root models for interest rates work much better.

2.5.2  Applying a model to value derivatives with more features than in its original design. Many OTC products have imbedded options that are often ignored in the pricing model. For example, using a model to value warrants may yield biased results if the warrant is also extendable.

Other common errors are, for example, using the Black-Scholes option valuation model to price equity options, and adjusting for dividends by substracting their present value from the stock price, ignoring their American feature of early exercise.

3. What can go wrong? 


The previous list is quite impressive and it seems very unlikely that the same models implemented by different institutions will show the same results. Indeed, the 1997 Bank of England survey illustrates the degree of variation that could be obtained among 40 major trading firms based in London in pricing derivative products. Vanilla FX instruments showed a relatively low level of variation in both value and sensitivities. However, some of the exotic derivatives displayed large variations not only in value but also in some of the sensitivity measures, like 10 to 20% for swaptions and up to 60% for FX double barrier options, knock-out options and digital options.
 We would also suspect that in some financial institutions different groups will come up with different valuations for similar instruments.

In another study, Marshall and Siegel (1997) presented an identical asset portfolio to a number of commercial vendors of software for VaR calculations. Each was asked to use the same volatility inputs, obtained from J.P. Morgan’s RiskMetrics and to report aggregate VaR for the entire portfolio, and by type of instruments such as swaps, caps and floors, and swaptions. The variation among vendors was striking, even though they were supposed to analyze the same position of relatively simple instruments, using the same methodology and market parameter values. For the whole portfolio, the estimates ranged from $3.8 million to $6.1 million, and for the portion containing options, the VaR estimates varied from $747,000 to $2,100,000.

It is therefore not surprising that trading firms experience substantial trading losses in stormy market environments. Here are some illustrations of what can go wrong.

3.1 Volatility input risk

Some traders at NatWest had been selling caps and swaptions at the wrong price in sterling and DM since late 1994, and had been hedging their short position by buying options priced at a higher volatility. When these discontinuities were removed from the volatility curves in 1997, downward revisions of portfolio values resulted in a loss of 90 million British Pounds.

The volatility curves were reported to show sharp discontinuities at long maturities. This anomaly should have been questioned immediately by Market Risk Management. One critical issue for risk managers is, indeed, to overcome the arrogance of derivatives traders, and verify volatility figures, and more generally any input to a pricing model, handed down by a trader. At CIBC, for example, the middle offices are allowed to conduct independent checks on all critical parameters in marking-to-market the positions.


3.2 Wrong assumption about the price distribution: fat tails

A well established hedge fund run by Victor Niedehoffer, a star of Wall Street, went bankrupt in November 1997.
 The fund had been writing a large quantity of naked deep out of the money put on the S&P 500 stock index, collecting small amounts of option premium. His trading strategy was based on the premise that the market would never drop by more than 5 percent in a given day. The stock market fell by more than 7% in one day on October 27, 1997, in relation to the Asian crisis, a virtual impossibility under the lognormal distribution. 

Liquidity, or rather the disappearance of liquidity after any market shock brought the last blow to the fund. The fund was unable to meet margin calls for more than $ 50 million. As a consequence, his brokers liquidated the positions at fire sale prices and the entire equity of the fund was lost.
 In addition, due to the lack of sufficient liquidity in these options, he could not get out sufficiently fast from his positions and adder to his preplanned trading strategy


3.3 Yield curve valuation risk

In the mid 1970’s Merrill Lynch broke down (“stripped”) the 30 year bond into its coupon annuity and principal zero components, and offered them to the market as “interest only” (I.O.) and “principal only” (P.O.) instruments.


Merrill used the 30 year par yield to price the I.O.’s and the P.O.’s. As shown Figure 2 the par yield curve was higher than the annuity yield, but lower than the zero curve. Therefore it undervalued the I.O.’s and overvalued the P.O.’s, although the sum of the two valuations did add up to the bond’s value.
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Figure 2: Yield curve valuation risk


Merrill sold $600 million of the I.O.’s and none of the P.O.’s, and booked a $70 million loss, in combination with a hedging mistake discussed below.


Another example is the $ 1 billion commercial paper based interest rate cap traded in 1989 by Chemical Bank and Manufacturers Hanover. Both banks used different models to create the commercial paper curve that they inputted into option pricing models that were essentially similar. The irony? Both banks booked six-figure profits on the same deal.
3.4 Choice of the wrong model


In 1994, Bank of Tokyo-Mitsubishi used a one factor Black-Derman-Toy model to enter the swaption market. Although the model was initially calibrated to market prices of at-the-money swaptions, it was structurally inadequate to price out-of-the-money swaptions and more complex swaptions such as Bermuda swaptions.

Traders have a tendency to shop for good bargains. Just as some traders learnt to call NatWest Bank to get good prices for Sterling and DM caps at certain maturities, they also learnt to call Bank of Tokyo-Mitsubishi for certain swaptions. The mispricing was caught in 1997 after the bank lost $80 million. The bank is currently testing more sophisticated multi-factor models.


3.5. The forgotten factor: regulatory risk like a change in the tax law.

Many structured deals are tax and/or regulatory driven. Financial engineers come up with these nice structures and pricing models, except they forget about the risk of an unexpected change in the rules of the game. This happens usually when too many firms have exploited the same trick and the Government considers that they have crossed the line.

In the case of UBS the equity derivatives group used to take advantage of British tax laws to capture dividend tax credit  and share it with participating foreign clients through a total return swap on the underlying equities. When the British Government, following the example of the Australian Government earlier in 1997, changed the tax code to remove this tax benefit, UBS suffered quite hefty losses.

3.6 Political risk

The model suddenly fails to assess realistically the risks of the positions. High Risk Opportunities Fund, a bond arbitrage hedge fund was put into liquidation in September 1998 after Russia suspended bond and currency trading a month before, on August 14. The fund was simply playing the 4% spread between the ruble denominated Russian Treasury bills, known as GKO, and the lower cost of borrowing rubles from banks. The fund was hit twice. First, when the Russians halted trading in their domestic government debt market. Such a decision had never happened before in history. Second, several European banks that had sold currency hedges against the depreciation of the ruble abruptly suspended an estimated $ 400 million in payments to the fund contending that their obligations were no longer tenable since Russia defaulted on hers.

3.7 Liquidity risk


In the Autumn of 1997 UBS bought upwards $1.2 billion of convertible preferred shares issued by Japanese banks. UBS then sold off the debt component of these securities. What was left was essentially a put option, which gave investors the right to force UBS to buy the bank’s shares at a set stike price. That price was to adjust downward up to a floor if bank-share prices edged down, supposedly protecting UBS from large losses. 

If bank shares had fallen moderately, this supposedly low risk strategy would have succeeded. But when Japanese bank stock prices tanked, UBS was unable to adjust its hedge by short selling the banks’ shares. As the Japan’s banking crisis worsened in November 1997, some banks’ shares didn’t trade for days at a time. As a result, UBS lost on these instrument alone more than $600 million on these instruments alone.

3.8 Hedging risk: the wrong hedge

In the I.O.’s and P.O.’s case mentioned earlier, the Merrill Lynch trader had hedged the 30 year bonds using a duration of approximately 13 years. After he had sold all the I.O.’s, he maintained the hedge at 13 years, while the correct duration of a 30 year P.O. is 30 years. When interest rate rose severe losses were incurred.

3.9 Hedging risk: liquidity squeeze

In 1993, MRGM (MG Refining and Marketing), the American subsidiary of Metallgesellschaft (MG), entered into contracts to supply end user customers with 150 million barrels of oil products (gasoline and heating oil) over a period of 10 years, at fixed prices. 

MGRM’s fixed-price forward delivery contracts exposed it to the risk of rising energy prices. In the absence of a liquid market for long-term futures contracts, MGRM hedged this risk with both short-dated energy futures contracts on the New York Mercantile Exchange (NYMEX) and OTC swaps. The derivatives positions were concentrated in short-dated futures and swaps that had to be rolled forward monthly. Each month, the size of the derivatives position was reduced by the amount of products delivered that month to maintain a one-to-one hedge. According to Culp and Miller (1974) “such a strategy is neither inherently unprofitable nor fatally flawed, provided top management understands the program and the long-term funding commitments nessary to make it work”

This rolling hedge strategy can be profitable when markets are in backwardation, but when markets are in contango it will result in losses. In a backwardation market oil for immediate delivery gets a higher price than does oil for future delivery. When rolling the position, the contract near expiration is sold at a higher price than the replacement contract with a longer delivery date, resulting in a rollover profit. The contrary applies to a market in contango. 

MGRM was exposed to curve risk (backwardation versus contango) and to basis risk, which is the risk that short- term oil prices temporarily deviate from long-term prices. Over 1993, cash prices fell from close to $20 a barrel in June to less than $15 a barrel in December, leading to $1.3 billion of margin calls that had to be met in cash. The problem was further compounded by the change in shape of the price curve which moved from backwardation to contango.  MGRM’s German parent reacted by liquidating the hedge, turning paper losses into realized losses.

3.10 Breakdown of patterns during a liquidity crisis and the impact of excessive leverage.

The failure of the hedge fund Long Term Capital Management (LTCM) in September 1998 will probably stay in the annals of model risk for many years. 
 It was a shock to the financial community not only because of the reputation of its principals with two Nobel laureates, and seasoned and star traders from the legendary bond arbitrage desk at Salomon Brothers, but also for its unprecedented initial capital stake. LTCM had $ 125 billion in total assets, nearly 4 times the assets of the next large hedge fund. LTCM’ s balance sheet leverage was also unprecedented with an equity base (before the crisis) of $4.8 billion, i.e. a leverage ratio of more than 25.

Then came August 17, 1998 when Russia devalued the ruble and declared a debt moratorium. LTCM’ s portfolio value fell 44%, giving it a year-to-date decline of 52%, i.e. a loss of almost $ 2 billion.
 LTCM’ s distress was so staggering that the Federal Reserve Bank of New York took the unprecedented step to facilitate a bail out of the fund to avoid a systemic world markets meltdown.

How such a market event, how serious was it, could have affected LTCM so badly? 

LTCM’ s arbitrage strategy was publicized as “market neutral” or “relative value trading” which involves buying one instrument and simultaneously selling another. These trades are designed to make money whether prices rise or fall as long as the spread between the two positions moves in the appropriate direction.
 

LTCM, like other funds in early 1998, was betting that the spread between corporate bonds and Government Treasuries in different countries, such as the U.S. and the U.K., was too large and should eventually return to their normal range, as they always had before. A relative trade to capture such an opportunity consists in buying the corporate bonds and selling short the Government bond. When the spread in yields narrows the position makes money whether the price level goes up or down. 

Other relative trades were betting that the spread between high yield bonds and high-grade corporate bonds in the U.K. would narrow. Another relative value trade consisted in buying the off-the-run Treasuries (30-year securities with less than 30 years to maturity) and shorting the on-the-run Treasuries (newly minted 30-year bonds). This strategy was designed to exploit the difference in liquidity rather than in credit quality.

Relative value trades were also betting in the convergence in the key European bond markets, selling German government bonds against sovereign debt of other countries such as Spain and Italy which were due to sign up for European economic and monetary union (EMU).

The return of these apparently low risk strategies is quite small, and become smaller and smaller as more players comb the market. Hedge funds use leverage aggressively to boost their absolute performance.  Leverage is achieved by borrowing the bond that is shorted in the repo market, and lending the bond that is long through a sale-repurchase agreement with banks and broker-dealers. Under a “repo” agreement an asset is sold for cash and a promise to buy it back at a prearranged price on some future date. Normally broker-dealers require collateral that is worth slightly more than the cash loaned, by an amount known as the “haircut” designed to provide a buffer against a decrease in the collateral value. In the case of LTCM, however, the fund was able to obtain next to zero haircuts as it was widely viewed as safe by its lenders. 
 LTCM was trying to earn 1 percent on assets, leveraged 25 times, which would result in a 25 percent return. 


The models used to support market neutral strategies are based on identifying historical relationships between the prices of kindred assets, be they bonds, stocks or currencies. Data reflecting several years of market behavior are fed into computers to find out the precise relationships between prices of the various assets and their correlation structure. 


LTCM failed because both its trading models and risk management models were flawed.

· Trading models

“The other author of the Black-Scholes model was Fisher Black, who worked with me at Goldman. I was always told how our model showed that one of our positions would be going up while another was going down. But when trouble came, all those positions went in one direction, which was down”.

Treasury Secretary Robert Rubin, New York Post, October 4, 1998
All these price relationships that hold during normal market conditions happen to collapse during market crises such as August 1999.
 The Russian episode made many investors fear about a possible dislocation of financial markets with other nations following Russia’ lead. Already Malaysia had applied rigid controls that limited foreign investors to get their money out.  This triggered a “flight to quality” or “flight to safety” as investors moved out in panic of emerging markets and any risky security to the liquid and safe heaven of U.S. and German government bond markets. 

Once it started it propagated as a chain reaction, ultimately pushing the U.S. 30-year government bond’ s yield as low as 5 percent and causing the price of riskier bonds, including those of emerging markets, U.S. mortgage backed securities,
 high-yield and even investment grade corporate bonds to sank. The same phenomena happened with the convergence trade in the yields of German and Italian bonds. In the flight to quality the yields started to diverge because German bonds were regarded as safer than Italian bonds. As a result, credit spreads widened as prices for Treasury bonds increased and prices for lower quality bonds sunk in an unprecedented fashion. When spreads widened gains on short positions weren’t enough to offset losses on long ones. In some instances both sides of the relative trades were losing money. Then lenders started to demand more collateral, forcing the funds either to abandon the arbitrage plays or to raise money for the margin calls by selling other holdings at fire sale prices

Most markets around the world, especially emerging markets, became less liquid and highly more volatile. LTCM, like many other firms, had also big bets that volatility in European and U.S. stock indices would return to normal. The fund sold naked long dated call options on various baskets and stock indices. Instead, volatility in these markets jumped and stayed at a high level for the months to come causing huge losses.

Most of the losses incurred by LTCM are the consequence of the breakdown of correlation and volatility patterns observed in the past. Several mechanisms came into play during this market turmoil as a consequence of the flight to quality and the disappearance of liquidity: 

(i) Interest rates on Treasuries and stock prices fell in tandem as investors were leaving stocks and purchased U.S. government bonds in a flight to quality. In normal markets stock returns and interest rates are usually negatively correlated, i.e. when interest rates fall the value of stock prices rises, and 

(ii) When liquidity simultaneously dries out in many markets, it becomes impossible to unwind positions. Portfolios that seemed to be well diversified across markets behave as if they were highly concentrated in a single market, and market neutral positions become directionally exposed, usually to the wrong side of the market. LTCM was well diversified across markets, but its strategies proved to be poorly diversified. Most of LTCM’ s trading positions were based on the belief that prices for liquidity risk, credit risk and volatility risk were too high compared with historical standards.

This is how LTCM found itself losing money on many of its trading positions and became insolvent. High leverage contributed to accelerate the fall of LTCM. First, LTCM ran out of cash and was unable to meet margin calls in a timely fashion. Excessive leverage amplifies funding liquidity risk forcing LTCM to liquidate securities at fire sale prices. Then, at some point the firm became insolvent with its liabilities exceeding its assets.

· Risk measurement models and stress testing

“We recognize that stress testing is a developing discipline, but it is clear that adequate testing was not done with respect to the financial conditions that precipitated Long Term Capital’ s problems. Effective risk management in a financial institution requires not only modeling, but models that can test the full range of financial transactions across all kinds of adverse market developments. Whether such models existed and, if so, whether they were not effective, are issues that we need to address”

William McDonough, President of the Federal Reserve Bank of New York before the Committee on Banking and Financial Services, U.S. House of Representatives, October 1, 1998

Risk control at LTCM relied on a Value-at-Risk (VaR) model. As was discussed in Chapter 5, VaR represents the worst case loss that can happen under normal market conditions at a given confidence level over a given period of time. By itself, the $ 1trillion notional amount or the $125 billion in assets do not tell how much risk is involved. What matters is the overall volatility of the marked-to-market value of the fund, i.e. VaR. According to LTCM the fund was structured for a level of risk no greater than the S&P 500. 

The average annual volatility of the S&P 500 over the last 10 years has been 15 percent, which translates into a portfolio daily volatility of : 

$ 4,700 * 0.15/
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 = $ 44 million

where $4.7 billion was the equity of the fund before the crisis. At first sight it seems consistent with the BIS 98 regulatory capital rules, where regulatory capital over a 10 day period would be for LTCM, assuming normality of the portfolio return and a confidence level of 99 percent, i.e. a daily VaR of 2.33 the daily volatility:
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which is consistent with initial capital of $ 4.7 billion. However, some of the usual assumptions in regulatory VaR calculations are not realistic for a hedge fund. 

1. The horizon for economic capital should be the time it takes to raise new capital, or the period of time over which a crisis scenario will unfold. Based on the experience of LTCM 10 days is clearly a too short horizon to derive VaR. When a crisis hits the global markets liquidity dries up for more than 10 days and highly levered institutions cannot expect to have access anymore to any fresh funds source! 

2. Liquidity risk is not factored in traditional static VaR models. VaR models assume normal market conditions with perfect liquidity. During a market turmoil, however, liquidity dries up and you can only unwind positions at fire sale prices to meet margin calls. Models should be revised to include liquidity risk and bid-offer behavior.

3. Correlation and volatility risks can only be captured through stress testing. This is probably the weakest point of LTCM’ s VaR system. For a hedge fund whose strategy is mainly based on relative value trading correlation risk dominates directional risks during market crises. Obviously, it would have been salutary for LTCM to run a flight to quality scenario where correlation patterns breakdown and credit spread widened. 

After LTCM experienced a 16 percent drop in asset value during May and June 1998, the portfolio was restructured to lower daily volatility from $ 45 million to $ 35 million. The problem was that the portfolio had become much more illiquid. Instead of the $ 35 million daily volatility, the fund experienced a $ 100 million and higher daily volatility. Something was clearly wrong in the way the firm was modelling risk.

4. What Market Risk Management (MRM) should do to mitigate model risk?

Vetting is one of the key corporate governance functions which can significantly reduce model risk, although it is impossible to eradicate it. Vetting should also be complemented by an independent oversight of the profit and loss (P&L) calculation.

4.1. Vetting

The role of vetting is to assure management that the model proposed by a trading desk to value a given security is reasonable, i.e. a good representation of how the market itself values the instrument, and that the implementation being tested is a faithful representation of this model.

Vetting should consist of the following phases:

1. Documentation. Ask for a full documentation including both the assumptions and the mathematical expression of the model, which is independent of any particular implementation like a spreadsheet or a C++ computer code. They must be stated in sufficient detail so that, in principle, one could construct an implementation that produced the same prices and hedge ratios as the given proposed model, with the same inputs.  The documentation should include:

- The term sheet or equivalently a complete description of the deal;

- A mathematical statement of the model, which includes:

. an explicit statement of all the components of the model: stochastic   variables, and their process, parameters, equations, etc.

. the payoff function and/or any pricing algorithm for complex structured deals,

. the calibration procedure for the model parameters,

- the hedge ratios / sensitivities;

- Implementation features, i.e. inputs, outputs, numerical methods employed (e.g. Levenberg-Marquardt, Crank-Nicholson, ...)

- A working version of the implementation.

2. Soundness of model. First check that the mathematical model is a reasonable representation for the instrument. For example, you could accept Black model for a short term option on a long maturity bond, but you should reject (without looking at the computer code) this model to value a 2 year option on a 3 year bond). At that stage you need to concentrate on finance and not that much on mathematics.

3. Benchmark modeling. Develop your own benchmark model based on the assumptions being made and on the specifications of the deal. Here, you may use a different implementation than the one being proposed. A proposed analytical model can be tested against a numerical approximation technique or against a simulation approach. For example, if the model to be vetted is based on a tree implementation, one may instead rely on the PDE approach and use the finite element technique to derive the numerical results.

4. Check results and stress test the model. Compare the results of your benchmark with the proposed model. Also make sure  basic properties are satisfied by the model, like put-call parity and other non-arbitrage conditions. Finally stress test the model, by looking at some limit scenarios, in order to identify the range of parameter values for which the model provides accurate pricing. This is especially important for implementations which rely on numerical techniques.

4.2 Models database and Financial Rates database

Each model should be well documented and the middle offices should know precisely which model to associate to each deal for revaluation at the end of the day. In addition the middle offices must have access to MRM Financial Rates database for independent parameter estimation.

4.3 Position MRM in the bank to avoid the “tinkerbell” syndrome.

Large trading profits, leading to large bonuses for senior managers, create an incentive for these managers to believe the traders reporting the profits, rather than the risk managers questioning the reported profits.  This belief persists even when the circumstances involved strain the managers’ credulity.

This behavior is consistent with the “tinkerbelle” phenomena, named for the scene in “Peter Pan” where the children in the audience shout “I believe, I believe” in order to revive the poisoned tinkerbell:

Tinkerbell I:  Orange County, 1994

Robert Citron, the treasurer of Orange County, had managed a fund which had been rated the top performing local authority fund in the U.S. for four years in a row.

His opponent in his last re-election campaign pointed out that Mr. Citron’s strategy of investing in structured notes and using reverse repurchase agreements to provide additional leverage would create serious losses if interest rates rose.  Mr. Citron “Poo-Pooed” this concern and the Orange County board of supervisors, trusting Mr. Citron, chose to ignore this warning. After losing more than $1.5 billion when interest rates rose in 1994, Mr. Citron resigned, stating that he was relatively unskilled in finance and had been misled by his bankers. The New York Times summarized the situation in the following headline: 

   
 “What Orange County needed was oversight”

Tinkerbell II:  Kidder Peabody, 1995

After Joe Jett was promoted to head trader on the government desk, he reported over $300 million in profits, made by stripping and re-assembling U.S. treasury bonds.

This “arbitrage” profit was, in fact, “created” by a glitch in Kidder’s accounting system. When Barry Finer, the risk manager for the government desk, pointed out the difficulty of making large arbitrage profits in the most efficiently traded bond market in the world, his concerns were dismissed out-of-hand, and he was re-assigned. Because the accounting profits created where transitory, Mr. Jett had to keep increasing the size of his trades to ensure that his reported profits where not reversed (a variant of the “Ponzi” scheme). His trades became so large that, after a year, his “reconstruction” exceeded 100% of the amount outstanding for each of three treasury bonds (with a high of 218%).  This attracted the attention of the internal auditors. The unraveling of his scheme caused the demise of Kidder Peabody.

Tinkerbell III:  Barings, 1995

After moving to Singapore in June, 1993 as local head of operations, Nick Leeson started to execute trades for Barings’ clients on Simex.  He then received permission to implement an arbitrage strategy designed to exploit any differences between the prices for the Nikkei futures contract in Singapore and Osaka.

Since he still controlled the Singapore back office, he was able to use a reconciliation account, #88888 (which he arranged to exclude from reports sent to London), to convert an actual loss of 200 million pounds in 1994 into a sizable reported profit. His reported profit was so large that it attracted the attention of Barings’ London-Based risk controllers in late 1994.  However, their inquires to his superiors where rebuffed with the comment that “Barings had a unique ability to exploit this arbitrage”.

After he reported a 10 million Pound profit for one week in January, 1995, risk controller concerns where summarily dismissed with the comment “Nick is a turbo-arbitrageur”. Simple calculations show that, in order to make this profit, Leeson would have had to trade more than 4 times the total volume in the Nikkei futures contract in both Singapore and Osaka that week.

“Ignorance is bliss”, but “Bliss can be deadly”
Tinkerbell IV:  Long Term Capital Management, 1998

In the previous section we have already discussed the events that precipitated the fall of LTCM.  The hubris that quants often exhibit can also be deadly. Many quants think that they have come up with the best model of all time. Most of these models give the illusion of certainty and that nothing can go wrong in applying blindly the trading rules the model suggests. Never a trading rule model has proved to work flawlessly over an extended period of time.

Individuals with strong intuition and acumen for trading should compensate for model risk.

5. Conclusion

Trading in derivatives involves heavy use of complex mathematical models that are needed to understand valuation relationships and risk exposures. These models require a compromise between realism and tractability. The difference between reality and a model leads to model inaccuracy because we don’t understand everything that is relevant to valuation in the real world. The need for tractability introduces model inaccuracy because it limits our ability to incorporate features of financial markets that are known to be important but are hard to model. 

Our recommendations in dealing with model risk are:

- Be aware of it. Model risk is inherent in the use of theoretical models in trading derivatives. Prudence dictates avoiding placing undue faith in model values, and being especially aware of the source of model inaccuracies and the situations in which can be expected to have the biggest impact.

- Estimate model risk quantitatively. Model performance can be simulated on historical data, taking care at each point that one is conducting an out-of-sample test, using only data that would have been available to a model user at the time. Stress testing should involve examining possible inaccuracies in  the valuation models themselves, both as to parameter values and model structure.

- Reevaluate models periodically to assess their accuracy of approximation. Reestimate parameters following best practice statistical procedures.

- Build formal treatment of model risk into overall risk management procedures. Experience shows that simple, but robust, models tend to work better than more ambitious, but fragile ones. It is essential to control model drift over time.
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� Instrument Flight Rules.


� See International Financing Review, No1213, December 13, 1997, p. 6.


� See Global Investor: “Can traders blow up banks?”, February 1994.


� A swap can also be viewed as an interest rate derivative.


� See also Chapter 1, Section 4.


� See Bensoussan,Crouhy and Galai (1994)


� See Bollerslev, Engle and Nelson (1994) for a tutorial on GARCH type of models.


� See, for example, Duan (1995)


� See, for example, Figlewski (1998)


�  A simple arithmetic error, where a program tried to put a 64-bit number into a 16-bit space, exploded Arianne 5 European Agency rocket shortly after take off, destroying $ 7 billion of investment and 10 years of work.


� The same arguments also apply to correlations.


� See Press et al. (1992).


� See also Kupiec (1995).


� Cf. The Economist, January 24th, 1998 p. 92.


� See Leong (1992).


� See Burghardt and Hanweck (1993) and Crouhy and Galai (1995).


� HJM stands for Heath, Jarrow and Morton (1992).


� We thank Lee Wakeman for his useful insights on this section.


� Cf. Walwyn and Byres (1997).


� His well acclaimed book “The education of a Speculator” (1997) became a national bestseller in the US just before his hedge fund was liquidated. Barron’s magazine even wrote “… this (book) is pure nectar for those who aim for consistently superior stock market performance”.


� Cf. Derivatives Strategy 3(1), pp.38-39.


� The concomitant fall of LTCM is also somewhat related to the same political risk (see Section 3.10).


� Hedge fund is the denomination attributed to levered speculative funds. It is quite misleading since originally most of these investment funds were specialized in arbitrage trades to take advantage of mispricing opportunities between related markets. The return on each individual trade being usually modest, these funds are able to derive high returns by leveraging up their positions. According to the Securities and Exchange Commission (SEC) there were 140 funds operating in 1968. There are now approximately 3,000 hedge funds (see Report of the President’s Working Group on Financial Markets (1999)). The investment philosophy of these funds has changed over the years. Today hedge funds are pools of aggressively managed money which actively speculate with high leverage in any market, any security, which they think are not priced correctly, or for which they anticipate dramatic changes in the future for structural and macroeconomic reasons. There are three main families of funds. “Global macro-funds” take positions based on their forecasts of global macroeconomic developments. “Event-driven funds” invest in specific securities related to such events as bankruptcies, reorganizations, and mergers. Finally,  “market-neutral hedge funds” that implement relative value trading strategies seeking to profit by taking offsetting positions in two assets whose price relationship are expected to move in a favorable direction.





� First, Russia suspended bond and currency trading on August 14 (see Section 3.6)


� Analysts say that this type of rescue falls under the “too big to fail” doctrine, or perhaps more appropriately the “too big to fail immediately” doctrine where enough time is allowed to arrange a non disruptive burial or restructuring. As someone once said “capitalism without failures and bankruptcies is like Christianity without hell”.


� Apparently LTCM was also following an “event-driven” strategy, or  “risk arbitrage” by betting on takeover stocks. In fact LTCM was ultimately brought down by such a bet which triggered a gigantic margin call by Bear Stearns.


� The total haircut for LTCM’ s $110 billion in borrowing was reported to be around $ 500 million. When the collateral loses value the dealers call the borrower for additional cash collateral, what is known as “margin calls”. For these highly levered institutions the only way to satisfy these margin calls is through the sale of securities. Lenders become particularly at risk  when liquidity dries up and securities have to be sold at fire sale prices which could precipitate the entire liquidation of the fund.


� Although they tend to come back when markets return to normal. The best strategy then is to hold on to the positions provided the fund has enough capital to meet margin calls.


� The fall in yield on U.S. Treasuries led to a decline in the interest rate for mortgages, leading to massive prepayments pushing down the prices of some mortgage-backed securities.


� As Treasury Secretary Robert Rubin declared to the New York Post on October 4, 1998: “The other author of the Black-Scholes model was Fisher Black, who worked with me at Goldman. I was always told how our model showed that one of our positions would be going up while another was going down. But when trouble came, all those positions went in one direction, which was down”.


� See Chapter 2, 5.2.


� See Jorion (1999)


� See Chapter 2.


� See Chapter 5 the discussion on the challenges in modelling liquidity risk, and Bangia et al. (1999)
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