Quantifying Volatility in VaR Models
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Three Common Deviations From Normality

U Three common deviations from normality that are problematic in modeling ris
result from asset returns that #ae-tailed, skewed or unstable

Figure 1: Illustration of Fat-Tailed and Normal Distributions Figure 2: Left-Skewed and Normal Distributions
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In modeling risk, a number of assumptions are necessary. If the parameters of the mod
areunstable they are not constant but vary over time. For example, if interest rate ,
inflation, and market premiums are changing over time, this will affect the volatility of th
returns going forward.
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Deviations From The Normal Distribution

U The phenomenon of Afat tailso I s most
the distribution changing over time.

A If the mean and standard deviation are the same for asset returns for any given c
the distribution of returns is referred to asusconditional distribution of asset
returns.

A However, different market or economic conditions may cause the mean and vari:
of the return distribution to change over time. In such cases, the return distributio
referred to as aonditional distribution .
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Market Regimes 4 § 0 ) and Conditional Distribution

U A regime-switching volatility model assumes different market regimes exist with high
low volatility. The conditional distributions of returns are always normal with a constar
mean but either have a high or low volatility.

Figure 3: Actual Conditional Return Volatility Under Market Regimes
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Value at Risk

U A value at risk YaR) method for estimating risk is typically eithehistorical-based
approach or animplied-volatility -based approachUnder the historicabased
approach, the shape of the conditional distribution is estimated based on historical tin
series data.

U Historical-based approachesypically fall into three sulzategoriesparametric,
nonparametric, andhybrid .

1. Theparametric approach requires spefiic assumptions regarding the asset returns
distribution. A parametric model typically assumes asset returns are normally distrik
with time-varying volatility. The most common example of the parametric method in
estimating future volatility is based on calculatmstorical variance or standard
deviation usi ng A"rRer axampteghe foliowing equationiisaused
to estimate future variance based on a window oKth®st recenteturns data
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Value at Risk

2. Thenonparametric approachis less restrictive in that there are no underlyin
assumptions of the asset returns distribution. The most common nonparam
approach using the historical simulation method.

3. As the name suggests, timgorid approach combines techniques of both
parametric and nonparametric methods to estimate volatility using historica
data.

U Theimplied-volatility -based approachuses derivative pricing models such as
the Black-ScholesMerton option pricing model to estimate an implied volatility
based on current market data rather than historical data.
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Parametric Approaches forVaR

Thehistorical standard deviationapproach assumes &lteturns in the
window are equally weighted
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Parametric Approaches forVaR

U The figureof EWMA modellas 1 s call ed decay fact
Figure 4: Comparison of Exponential Smoothing and Historical Standard Deviation
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Parametric Approaches forVaR

U Figure 5 summarizes the most recent weights for the volatility parameters using the tr
approaches used in Figure 4. Par amet er
of theRiskMetric® approaches in Figure 4.

Figure 5: Summary of RiskMetrics® and Historical Standard Deviation Calculations

Weight of Volatility Parameter

(1 = N\ 1/k (1 = M\

t A =0.97 k=75 A =092
0 0.0300 0.0133 0.0800
—1 0.0291 0.0133 0.0736
-2 0.0282 0.0133 0.0677
-3 0.0274 0.0133 0.0623
—4 0.0266 0.0133 0.0573
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Nonparametric Approaches forVaR

Historical Simulation Method

U The six lowest returns for an estimation window of 100 days (K = 100) are listed in Fic
6. Under the historical simulation, all returns are weighted equally based on the numb

observations in the estimation window (1/K). Thus, in this example, each return has a
weight of 1/100, or 0.01.
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Nonparametric Approaches forVaR

Hybrid Approach
U  The hybrid approach uses historical simulation to estimate the percentiles of the ret
and weights that decline exponentially (similar to GARCHR@kMetrics).
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Nonparametric Approaches forvVaR

Hybrid Approach
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Nonparametric Approaches forVaR

Multivariate Density Estimation (MDE)

U Conditional volatility for each market state or regime is calculated as follows:
K
[e) 2 _ [ | | 2
ut _a. Y(Xt-i)rt-i
i=1
Where:

X.; = the vector of relevant variables describing the market state or regime at time t
¥ (X, ) = the weight used on observatioen t

Thekernel function,¥ (X, ), is used to measure the relative weight in terms of
Anear 0o or fndistanceo from the curren
identifying dependence on state variables.

Some examples of relevant state variables are interest rate volatility dependent c
level of interest rates or the term structure of interest rates, equity volatility
dependent on implied volatility, and exchange rate volatility dependent on interes
rate spreads.
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Mean Reversion and Long Time Horizons

U If mean reversion exists, the long horizon risk (and the resiaf) is smaller
than the square root of volatility.

EXAMPLE 3.3: FRM EXAM 2002—QUESTION 2

Assume we calculate a one-week VAR for a natural gas position by rescal-
ing the daily VAR using the square-root rule. Let us now assume that we

determine the true gas price process to be mean-reverting and recalculate the
VAR.
Which of the following statements is true?

\a/ThE recalculated VAR will be less than the original VAR.
b. The recalculated VAR will be equal to the original VAR.
c. The recalculated VAR will be greater than the original VAR.

d. There is no necessary relation between the recalculated VAR and the
original VAR.
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BacktestingVaR Methodologies

U Backtestingis the process of comparing losses predicted by the value at risk
(VaR) model to those actually experienced over the sample testing period. If
model were completely accurate, we would expad® to be exceeded (this is
called arexceptionwith the same frequency predicted by the confidence level
used in th&/aR model. In other words, the probability of observing a loss
amount greater thaviaR is equal to the significance level (x%). This value is
also obtained by calculating one minus the confidence level.

U For exampleif aVaR of $10 million is calculated at a 95% confidence level, w
expect to have exceptions (losses exceeding $10 million) 5% of the time. If
exceptions are occurring with greater frequency, we may be underestimating
actual risk. If exceptions are occurring less frequently, we may be overestima
risk.
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Example

1. Fattailed asset return distributions are most likely the result of time
varying:
\A/volatility for the unconditional distribution.
B. means for the unconditional distribution.
c. volatility for the conditional distribution.

D. means for the conditional distribution
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Example

2. The problem of fat tails when measuring volatility is least likely:
\A/in a regimeswitching model.

B. In an unconditional distribution.
C. In a historical standard deviation model.

D. In an exponential smoothing model
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Example

3. The lowest six returns for a portfolio are shown in the following table.

Whatwill the 5% VaR be under the hybrid approach? Assume each observatic
Is a random event with 50% to thedt and 50% to the right of each observation.

A. -3.10%.
B. -3.04%.
C. -2.96%.
D. -2.90%.
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