Risk M easurement and M anagement

An in-depth look at how Wall Street professionaaldvith market risk

Presented by:
Kwon Joon Chang
Christopher Lin

Tiangi Zhu

December 10, 2008



1 I ntroduction

Wall Street has always been known to be a placeewmu can multiply your money — a
place where you can cash in big on free-markettalzgn to fast track your way to the
American Dream. With the advent of all sorts offisial derivatives, arbitrage schemes,
and the growing inclination for professionals tkeaon calculated risk, financial
positions these days for both individuals and instns have become increasingly

complex and dangerous.

Managing portfolio risk is not only a vital part cdn investment management
professional, but the underlying concepts of mamagisk are also constantly being
utilized by veteran traders, hedge funds, and marikaking investors. Especially in a
society where capital markets ties in heavily wile welfare and prosperity of those
living in it, it is important to consider what tle®nsequences are if risk were not well-

managed.

In this paper, we are going to take a closer lookaav professionals in these financial
institutions measure and manage the risk of theantial positions. It is important to

carefully examine the commonly used methods anerehete any drawbacks that could
have led to the gross underestimation of risk as s@ the past few years. The financial
collapse of 2008, in which a substantial numbevaniks failed, is a prime example of the

dangers of improper risk management when dealirntly thie intricacies of the markets.



We will also look at the events that led up to ourrent financial state, and different

ways we could have potentially pre-empted or bgttepared ourselves for the worst.

2 Risk M easurement

First, we must address the question: What exasthsk? The layperson would consider
risk to be an abstract notion that has a large ainpatheir stock market gamble: the
possibility that the value of their investment wbalecrease due to a variety of factors.
To quantitative financial experts, variance is anownly used proxy for risk. Risk is

essentially the standard deviation of return orasset of portfolio. When examining a
security, the more volatile it is (for example eghnology company’s stock during times

of fluctuating consumer spending) the more riskg tonsidered to be.

2.1 Value-at-Risk
Most financial professionals utilize a method akrmeasurement called Value-at-Risk
(VaR). It is a well-established industry standask measurement technique, and helps

traders and investors prepare for the turbulendmaicial markets.

Value-at-Risk is essentially a quantile of the fadid’s return distribution. It is quoted in
terms of a fixed time horizon and a percentage.dxample, if a 99% one-day VaR of a
security is 7%, this means that it estimates ferriext one-day period, there is a 99%

chance that the security does no lose more thaofi&value.



Technically speaking, we can see that the VaR equat:

VaR,=inf{x e R:P(L>x)<1-a}

The VaR of a portfolio/security at the confideneedla is given by the smallest number
X such that the probability that the actual lossxtceeds x is not larger than it acts

somewhat similar to a confidence interval, ang/sdally based on a normal distribution
such that it is easy to calculate. For the previexemple, if the value of the security is

$1000, then VaRe, = 70.

The VaR gives a threshold of your loss toleranceother words, the one-day VaR
basically tells you, “For the most part, you wilbtnlose more than X amount on any
given day.” VaR can be over any other time pergth as one week), and can also be a
negative value, in which case it means that overtittne horizon, the portfolio would

most likely increase X amount in value.

2.2 Drawbacks of Value-at-Risk

VaR is commonly referred to as, “an airbag thatksaall the time, except when you
have a car accident.” This is because professiarsgs/aR to make sure their position is
always within their loss tolerance. As long as songecan maintain a certain VaR, they
feel comfortable saying something like: “as long8%06 of the time, my portfolio loses a
maximum of $1 million, then | can tolerate this pios.” It creates a false sense of

security because it doesn’t adequately take intowaa the incredible downside potential



if your portfolio or security encounters the 1% ba that it exceeds the loss threshold.

Once the losses exceed the threshold, there ®llimggtwhat the magnitude of the loss is.

Example 2.1To illustrate this drawback, consider two posiiofi and X:

| with probability 99%
X1 = . o
—1  with probability 1%

1 with probability 99%
Xl = 10 . . NI '_ o
—10 with probability 1%

Although both positions have a Vajg = -1, X; has a much higher downside risk that is
not accounted for. This shows that VaR does ndindigish between the two securities,
and as long as a certain threshold is met, theipods considered “safe.” This clearly
creates a false sense of security, and resultseirrisk of a security or portfolio being

grossly underestimated.

Another drawback of the VaR is that it is not sdohive, and discourages

diversification.

Example 2.Zonsider two positions pand X, both given by:

1 with probability 50%
J-[‘J/:r = .

—1  with probability 50%
We can say that Val(Xi) = -1. If both X and X were independent, then we can
consider the combined portfolio position to be:

1 with probability 25%
JT(’ + X H g .
X = 1 : 2 — 0 with l_ﬁL'L‘pba]_-,lh ty .50(%

—1  with probability 25%



We can say, in this case, VaiR(X) = 0. This suggests that the diversified positk is
riskier than the individual position of {X50% of the time you will have a O loss

compared to an increase of 1).

2.3 Expected Shortfall
To address the problem of not accounting for thgnmitade of the loss given that the loss
exceeds the VaR number, professionals oftentimesige a number for the expected
shortfall, which is also known as “conditional VAR.essentially tells us that given the
loss exceeds the threshold, what is the absolygected loss? Although somewhat of a
crude measurement, one way expected shortfaltesrdened is simply empirical: look at
the historical prices, calculate their VaRs, andtf@ data that has an observed loss that
exceeds the VaR, and take the average amount.
Technically speaking, we can consider the empiggalected shortfall equation to be:

s(u) = 1/k *Y(ri — u)

Wherek = k(u) is the number of observations that exceed

3 Application to Data

To truly illustrate the utility of VaR, as well ake shortcomings, we applied this
technique to various securities, portfolios, aslwaslindices. We were essentially trying
to mimic a real-life situation where traders wowdiculate the VaR and determine

whether or not it would be wise to stay within atam position.



One-day VaRggy, of Mortgage Backed Securities
With the credit crisis being a prevalent topic, feé it was appropriate to look at the
historical data for an index of AAA Rated mortgdigeked securities (Appendix A), as it

is one category of assets that helped contributieetdinancial collapse of 2008.

First, we plotted out the value of these assetstlam trend from the start of this year:
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Gathering all the data, we found the VaR by takhmyaverage and standard deviation of
values in the past 10 days, recording the singleetianges in value. We then evaluated
the VaR99% for the next day, and plotted out thenges in VaR over time. (The R-

Source code for implementing the VaR calculatiométuded in Appendix B)



This is what we observed:

99% VaR Changes from start of Crisis
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It is pretty clear that as the volatility of the I8Bvent up (as the fluctuation in value was
noticably more significant), the VaR increased datically as well. As volatility went

up, those who utilized the VaR braced themselves foigher loss threshold, and would
be able to either relax their position to maintainertain VaR, or simply to realize they
were taking a risk of a more significant loss withineir VaR percentage. (We also did

the same analysis on BBB rated MBS, which can badan Appendix A)

Furthermore, as part of our analysis, we wantdddk at how effective and accurate the
VaR actually was. According to all the differentR/aalues we had determined over the
time period, we wanted to see what proportion ofsdaas there a single-day loss that

exceeded the threshold given by the VaR. Since ag dalculated a 99% VaR, we



should expect that only 1% of the days had a sidgle loss large enough that it

exceeded the VaR. Instead, we observed:
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In fact, espeically since the credit crisis begad #he market became distressed, the VaR
was particularly inaccurate. As the crisis worsened could see that up to 15% of
securities in this data pool had losses exceetied % estimated threshold. This itself is
emprical proof of the inadequecy of using the VaRaaneasurement of risk. Only now,
during the current volatile market conditions, Wedue-at-Risk has risen so high that the
proportions of single-day losses that exceed thesttold fit within the 1% parameter —

simply because the threshold has become so large.



As mentioned before, we would also like to takeaklat the expected loss given that we
encounter the 1% chance that our losses exceatafRehreshold. The expected shortfall

then, was observed to be:

Expected Shortfall
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As volatility increased, we saw the expected shbirihcrease as well. We see a direct
correlation between the expected shortfall andviilee-at-risk. To illustrate an example
similar to example 2.1 in section 2.2, we compheedxpected shortfalls of the AAA and
the BBB mortgage-backed securities. Both haveivelgtsimilar VaRs, but dangerously

different expected shortfalls.



0.18
1

0.14
|

012
|

Percentage

0.08
1

0.08
1

b

T T T T T
0 50 100 150 200

Days

(the black line indicates the BBB expected shdrttaé red line is the AAA)

Although both have similar VaR, the magnitude & libss is entirely different. Holding a
BBB has much greater downside risk than holding AAAsecurity. We realize the

dangers we encounter when using the VaR methodalandhat the empirical expected
shortfall method is also a crude form of measurdgmanstly because it is very reactive

method rather than a pre-emptive one.

4  Risk Management and the Current Credit Crisis

The overexpansion of credit in the US housing madié not happen overnight. The
historically low Federal Funds rate between 2002 2005 allowed many home owners
to borrow, but the real problem were rooted inni@tgage lending practices. Mortgage
lenders mistakenly believed that they were takingranageable risk during the period

of low interest rates, because the values of tHmtecal underlying the loans were



appreciating quickly. More specifically, the housgiprices rapidly increased in the last
decade, and the mortgage lenders relaxed theiinigretandards as they believed the
seemingly ever-appreciating values of these honmsddibe viable collateral in case of

default.
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4.1 Subprime mortgages

Mortgages to borrowers with bad credit history, alguwith FICO scores of less than

620, are defined to be subprime, while loans tadveers with solid credit history are

called prime. During the housing boom, number dbpsime mortgage originations

increased dramatically, as shown by the graph hefowd once the housing boom had
been instigated, mortgage lenders wanted to takengalge of this speculative bubble by
attracting new borrowers to the market. And becaafséhe rapidly increasing house

prices, lenders were able to devise new ways teemakv mortgages affordable even for

consumers with bad credit. One way was to offeustdple rate mortgage (ARM), in



which the initial rate is fixed at a low “teaserteafor first couple years, and then
subsequently set equal to six-month LIBOR plusxadirate for the remaining years in
the mortgage. Thus, people with bad credit hadraobte obtaining a mortgage on a
house with little or no down payment and payingyétle in interest payments before
the adjustable rates kicked in. However, as thesingububble burst in 2007 and the
value of the collateral fell quickly, many mortgalgelders were no longer able to make
the interest payments once the period of teases etded. Thus, foreclosures increased

and house prices declined even further. The grapdwbshows the rise in delinquent US

mortgages over time.

Chart 1.3
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4.2 Securitization

What exacerbated the credit crisis was the sezatitin of the mortgage loans. The
financial institutions originating these loans diok hold it in their portfolios; instead, the
subprime mortgages were securitized and sold offivestors as asset-backed securities
(ABS), or more specifically, mortgage-backed semsi(MBS). The graph below shows
the increasing level of securitization leading opthie bursting of the housing bubble.
Thus, the originators were more interested in naggng subprime loans for the purpose
of packaging and securitizing them so that it carstld for a profit to investors, instead
of analyzing whether the borrowers will be ablentake the promised payments. So
naturally the quality of the subprime loans wastg®ed and the flood of defaults

ensued.

Subprime Mortgage Securitization, 1995-2006

§ (billions)

1933 1938 1997 1998 1999 2000 2001 2002 2003 2004 2003 2008

4.3 Risk Management

Rating agencies, financial institutions, investansl regulators all grossly underestimated
the risk of mortgage-backed securities. The riskasnees used are largely based on
historical performance. Value-at-risk measure, ofighe most common methods of

measuring risk, estimates risk based on histodatd anywhere from 2 to 100 years. And



while historical data provide useful information extrapolating risk estimation for the
future, it cannot be used as a stand-alone modelisk management. Value-at-risk
measure used by investors of mortgage-backed sesumay have maintained a “safe”
VaR level in maintaining mortgage-backed securitietheir portfolios, but they failed to

take into account the asymmetrical downside tostimg in mortgage-backed securities.

One of the lessons from past financial crisis iat thorrelations increase in stressed
market conditions. Using standard value-at-riskhtégues to estimate correlation and
risk from past data and assuming that those essrathold in midst of stressed markets
will lead to a gross underestimation of the inhéresk. Because the risk subprime loans
were securitized into diversified portfolios, evieogy believed that the risks were
diversified away. However, as the housing bubblesththe level of defaults rose rapidly
and the value of the mortgage-backed securitiesnipleted. Using value-at-risk

techniques did not prepare investors from the soigcrisis because it did not take into
account what exactly will happen to their posithen the value-at-risk threshold is
met. Historical data cannot predict appropriatk fecause it does not account for
potential extreme losses. And to top it off, mamnyhe financial institutions holding onto

the risky mortgage-backed securities were highhgied, using large amounts of debt to
buy the subprime products, so once the value ofishg securities dropped significantly,

they experienced amplified losses.

Thus, the risk management models in place todaynatesufficient to appropriately

measure risk of financial assets that are negatslewed. In the next section, we look at



some of the issues that must be addressed in twdmme up with a more appropriate

risk measure.

5  Issueswith Current Risk Management M odels

Two important issues that need to be issued inrdéutisk management models are the
asymmetric magnitude of losses due to extreme svand dependence between

securities. We address the issue of asymmetrigative losses first.

5.1 Extreme Events

Value-at-risk technique measures risk under theurapson that asset returns are
normally distributed. However, this is not congmtevith empirical data. For example,
consider the 12% drop in the stock market that weduin 1929. Assuming that the
returns in the stock market are normally distributdae normal distribution predicts that
a single-day loss of this magnitude occurs onceyel@® years. But only 58 years later,
the stock market dropped by 20% in a single dayaatay now referred to as “Black
Monday”. As we can conclude, asset returns arenmemal and assuming normal
distribution in calculating risk will underestimatbe inherent risk in the markets and

securities.



5.2 Power Law
So instead of using normal distribution, we canaipewer law distribution at the tails of
the distribution. A random variable X with distritan F follows a power law with
exponent if:

(1 - F(x) ~x*
Variable with power law distributions scales acoogdto o, the exponent. In addition,
relative to normal distributions, the power lawtdisutions have fatter tails than the tails
of normal distributions, as shown by the graph Wwel&ince the tails measure the
probability of extreme events, power law distribn8 will give a more appropriate

measure of risk of extreme losses than normalibligtons.

\ - = = =HNoma

Power law, alpha = 1

5.3 Default Contagion Model

The second issue that needs to be addressed issghe of dependence between
securities. Default events are dependent on eddr tiecause the default subjects are
affected by common macro-economic shocks. In amditihere is a complex network of
relationships between firms, government, and fir@nimstitutions, and in distressed

market conditions, a market contagion can createai of events that lead to bursting of



the speculative bubble. And this certainly was ¢hse for the bursting of the housing
bubble. So, we consider the following default emndn model that will take into

account the complex dependence of securities.

1. Suppose all firms start out financially healthy ahdt the first default arrives
according to a Poisson process with intersityhe conditional default rate.

2. At the first default time T, we update the intensity according to a non-negati
function A such that the new intensity is:

M=A+Ai(t—T)

3. Thus, the new, takes into account the subject at default, stattneo economy,
and any other information that is available atAnd we can continue to update
in this manner at every point in time where a digfaccurs.

4. We can see that as the number of defaults increbselikelihood of defaults
increases as well. This is because of the existehdefault correlations, and in
stressful market conditions, this correlation beesneven higher. This is the
domino effect where the collapse of the housingketded to a broad collapse of

the financial markets.

6 Conclusion

Value-at-risk technique for measuring risk is andtad practice on Wall Street today.
However, because value-at-risk method does notoapptely measure the risk of

extreme events due to the assumption that asasnseare normally distributed, it



provides a false sense of security. Leading uhé¢ocurrent credit crisis, risk managers,
investors, and rating agencies alike did not accéamthe asymmetrical magnitude of

large losses in rare events that is not accoumtesh fthe tails of normal distributions. In

addition, investors did not properly measure tivell®f correlation between default rates
in the different parts of the United States. Moggdbacked securities investors believed
that they were protected because the underlyindgages were geographically diverse,
but default correlations proved to be much highantestimated in the distressed market

conditions.

Thus, going forward, we need to improve on the nsknagement models by having a
risk measure that will quantify risk on a monetacale, be sensitive to large losses,
encourage diversification, and take into accouatuariety of macro-effects that occurs
in our dynamic and constantly changing economy. Anthstitutions can properly
manage risk by addressing these issues, we cam armther damaging financial

collapse in the future.
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Appendix A

CMBS INVESTMENT GRADE AAA INDEX from 1/1/2008 to Rsent

CMBS INVESTMENT GRADE BBB INDEX from 1/1/2008 to Psent

Appendix B
Source R Code:

var = function(percent=0. 01, x, days=400, hori zon=90) {
di ff = (days-horizon): (days-1)

for(i in (days-horizon):(days-1) )

di ff[(i-days+horizon+l)] = (x[i+1] - x[i])/x[i]

count = gnorn{percent, mean(diff),sd(diff))

return(count)

}

ztest = function(percentage=0.01, z, days=400, hori zon=90) {
TEST = days: (length(z)-1)

for( i in days:(length(z)-1)){

stat = (z[i+1]- z[i])/z[i]
TEST[ (i -days+1)] = (stat < var(percentage, z,i, horizon))
}

return(sum( TEST) /| engt h( TEST))

}

vartest = function(horizon=90, sdat e=281, x)

{
jb = sdate

y = jb:(length(z)-1)



for(i in jb:(length(z)-1)){

y[i-jb+1] = ztest(.01,z,i,horizon)

}

return(y)

}

varpl ot = function(horizon = 30, set = z){

j = 200:509

for(i in 1:310) j[i] = var(horizon=30,x = set,days=j[i])
return(j)

}

expsf = function(percentage=0.01, z, days=400, hori zon=90) {
TEST = days: (length(z)-1)

for(

in days: (length(z)-1)){

st at (z[i+1)- z[i])/z[i]

TEST[ i -days+1] = NA

if ((stat < var(percentage,z,i,horizon))) TEST[i-days+1] = stat
}

return(nmean( TEST, na.rm = TRUE))

}

j = 281:510

for (i in 1:length(j)) j[i] = expsf(z=z,horizon = 30,days = j[i])



Appendix C

BBB Rated VaR
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