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THE RISK THAT RISK WILL CHANGE
Robert F. Englea

Standard approaches to risk management focus on short-run risks, yet many positions are held for
longer periods. Over such holding periods there is a risk that risks will change. In this note several
easily implemented approaches to estimating the term structure of risk are proposed based on either
statistical or economic criteria. It is argued that some portion of the financial crisis of 2007–2008
was due to the use of short-run risk measures to assess long-term risks.

1 Introduction

In reflecting on the financial crisis of 2007 and
2008, it is clear that risk management failed but it
is unclear whether this is because the risks were not
well measured or whether risks were ignored because
decision makers had strong incentives to do so. A
particularly interesting aspect of risk measurement
is the time horizon for each measurement. A typical
market risk measure would use value at risk (VaR)
at a one or 10-day horizon, whereas most assets in
most portfolios are held longer than this. Thus, it
is difficult to assess the relevant risk of the portfolio
based only on short-run risk measures. After all, the
value of the portfolio will be dramatically affected
if the risk itself changes.

An interpretation of the excessive risk taking of
banks and other financial organizations can be built
from this observation. In the low volatility regime
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from 2003 through early 2007, leveraged equity
positions were not particularly risky. Similarly, with
low short-term interest rates, the cost of short-
term financing was extremely low and the risk that
they could not be rolled over in the short run
was also very low. Consequently, any short-term
risk measure would say that the leveraged portfo-
lios held by banks and financial institutions were
not very risky. However, in the long run, volatil-
ity was likely to rise, short-term rates were likely
to rise and credit spreads were likely to rise. This
is not just a product of hindsight, it was incorpo-
rated in the term structure of implied volatility from
options prices and in the term structure of interest
rates.

A similar point of view emerges from descriptions
of how ratings were set for mortgage portfolios.
Taking the current default rate and correlations as
given, what is the probability that the super senior
tranches would be impacted? Such a calculation
reveals that they are as safe as a high-grade corporate
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bond. However, it again suffers from recognizing
that these parameters are not given but can change.

If short-term risk is low but long-term risk is high,
an investment manager may be tempted to shorten
the holding period of his positions. This market
timing solution leads immediately to the problem
that when risk creeps up slightly, there will be a
mass of sales to close positions driving prices down
and risk up. This rush for the exit has frequently
been examined; a recent interesting discussion is
Pedersen (2009).

If decision makers were given each day a full term
structure of risk as will be discussed below, it
might still be difficult to choose optimal portfo-
lios. Various methods to solve this problem have
been proposed. See for example Merton (1973) and
Engle (2009) via hedging and Colacito and Engle
(2009) following a dynamic programming with dis-
crete time framework. Considerably more work is
needed to solve this complex problem.

In this note I will propose some measures of the
term structure of risk that would provide a natu-
ral supplement to the short run measures so widely
used. This approach builds on measures introduced
by Guidolin and Timmermann (2006) and Engle
(2009) and discussed in Colacito and Engle (2009).
These measures essentially describe the term struc-
ture of risk or the VaR at a continuum of different
horizons. These are computed for various models of
the evolution of risk and are applied to the current
financial data. In calculating long-term VaR, there
is a role for economic analysis.

2 Statistical approaches

Measures of VaR are typically based on volatility
or correlation models that are adjusted frequently
to reflect changes in risk. The updating of these
measures would not be necessary if the risks or
volatilities were constant, hence the updating is

exactly why risk can change. If the updating pro-
cess is sufficiently accurate, then it can be used to
generate scenarios useful for assessing long-run risk.

For example, in a GARCH model or an exponen-
tially smoothed model, the short-term forecast of
volatility is given by an expression such as:

rt+1 = √
ht+1εt+1

ht+1 = ω + (
αε2

t + β
)

ht
(1)

In this equation, we can think of r as the daily return
on an asset, h as the variance for today’s return made
yesterday, and ε as an unpredictable shock that has
mean zero and variance one, which could be normal
but is most likely fat tailed. The parameters (ω, α, β)
are calibrated econometrically to the past experience
of this data.

From this expression, a forecast of volatility one
step in advance is directly available. For more steps
ahead, it is simply necessary to replace the future
unknown squared εs with their expectation which
is 1. However, if the future εs are not exactly
unity, then the two-step forecast will differ from
the future one-step forecast in a way that captures
the uncertainty. By simulating this process with ran-
dom draws of εs that might be assumed to have a
specific distribution such as normal or student-t , a
series of scenarios can be constructed. Even better
approximations can be achieved by using a boot-
strap, that is by drawing the εs from the historical
distribution of sample εs. This incorporates the fat
tails that can be expected and the skewness that is
in the data.

If asymmetric volatility models are used, then the
simulated data will develop tails that are especially
long on the downside as pointed out in Engle
(2004). Whenever a negative draw is made, volatil-
ity will increase and thus the return will be espe-
cially negative. Such asymmetries have long been
observed in financial volatility and are natural con-
sequences of investors who avoid volatility unless
it comes with higher expected returns. A common
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model is the TARCH model:

rt+1 = √
ht+1εt+1

ht+1 = ω + (
αε2

t + γε2
t Iεt <0 + β

)
ht .

(2)

A wide range of asymmetric models have been pro-
posed and Engle (2009) compares their properties
in this context.

3 Economic approaches

Statistical models fail to utilize additional informa-
tion that may exist on the future path of volatilities
or other economic variables such as business cycles
or electoral cycles. In order to introduce this infor-
mation into the term structure of risk, it is necessary
to incorporate it into the forecast of the risk mea-
sure. A natural way to do this is based on Engle
and Rangel’s (2008) model of Spline GARCH.
Closely related models are developed in Ghysels
et al. (2009). In this case the volatility is composed
of two components that are multiplied together.

Let the low frequency component of volatility be
denoted by τ which is assumed to depend on global
macroeconomic and other slow-moving variables.
The high frequency component of variance is given
by gt so that the model becomes:

rt+1 = τt+1
√

gt+1εt+1

gt+1 = ω + (αε2
t + β)gt

τt+1 = exp (θ′yt ).

(3)

Here y is a vector of macroeconomic variables that
are associated with future volatility. Generally, the
persistence of these variables is sufficiently high that
long-run forecasts of these variables can be used
directly. Alternatively, extreme scenarios of these
variables can be used. The parameters, θ, reflect
the importance of these variables in explaining
volatility.

4 Estimating long-term risk

In Engle (2009), many simulations are run using
familiar volatility models specified at a daily level.
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Figure 1 1% Quantile at various horizons.

For any horizon, there is a distribution of prices
and correspondingly returns. The 1% quantile of
these simulations is an interesting benchmark for
long-term risk. In Figure 1, 10,000 simulations
are run starting on the 1st of August, 2007 and
continuing for 1000 days or four years. One set
of simulations uses standard normal shocks and
the other uses bootstrapped shocks. The model is
given in (2) with parameters estimated from 1990
to 7/30/2007. The 1% quantile is computed for
each horizon. The lowest line is the bootstrapped
risk measure while the second line is based on nor-
mal innovations. As can easily be seen, the events
just over one year and a half later were inside
the bootstrapped 1% interval but not the normal
interval.

The same quantile graph constructed on January 1,
2008 and September 1, 2008 is shown in Fig. 2.
The quantiles forecast from the end of the sample
in June are also shown. Clearly, the interval begin-
ning on the first of September 2008 is quite severely
crossed by future prices. Of course, the 1% line is
drawn so that 1% of the scenarios at any particular
horizon will touch the border so that the interval is
only supposed to be accurate on average. A system-
atic analysis by Brownlees et al. (2009) shows that
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Figure 2 1% Quantiles from various time periods.

the one-step forecasts through this time period are as
accurate as in other time periods. The 30-day fore-
casts are within 1% of the average performance but
are less accurate than an average 30-day forecast. As
shown in Engle (2009), similar results follow from
various volatility models.

These quantiles can be compared with more stan-
dard measures of long-run risk. If the return
scenarios are generated by independent normals or
by independently bootstrapped samples from the
historical distribution, then the quantiles are given
in Figure 3. As can be seen, the normal and boot-
strapped quantiles are very similar but are very far
from the TARCH quantiles. After one year, the 1%
quantile of the bootstrapped TARCH process is a
decline of 61% while for the bootstrapped indepen-
dent scenarios it is only 37%. Clearly, the long-run
risk is much greater if the process allows changes in
volatility than if it does not.

In order to incorporate additional information such
as the term structure of volatility into the long-
run risk measure, the spline garch method from
Eq. (3) can be adopted. For example, suppose at the
beginning of August 2007, a risk manager notices
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Figure 3 1% Quantiles for IID returns.

the upward slope of the term structure of implied
volatility which is confirmed by similar forecasts
from volatility models and macroeconomic anal-
ysis. Then he might construct a function τ that
doubles in some number of years. For example, the
same quantiles are calculated where the multiplier
τ is given by:

τt = exp (log (2)/504). (4)

Thus, the volatility will increase by a factor of 2
every two years over what would be expected from
simply the time series structure of the TARCH
model. In the context of August 2007, this is a
prediction that means volatility will rise from 15%
to 30% in two years. It actually did this in two
weeks according to the VIX and in the fall of 2008
reached 80%. Nevertheless such a scenario might
be a reasonable ex ante forecast.

The result is given in Figure 4. In this figure the
lowest line reflects the anticipated rise in volatility
and correspondingly higher long-run risk. Instead
of a 61% decline one year forward, the spline sce-
nario finds the 1% quantile reflect a 77% decline
over the following year which is more extreme than
actually occurred.
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Figure 4 1% Quantile with Spline GARCH and rising
volatility.

5 Implications and conclusions

Measures of long-term risk are very important for
assessing the risk in many positions that are held
over a period of months or even years. Standard
risk measures are not designed for this task and
this paper suggests some approaches to constructing
measures with a continuum of risk horizons. It is
clear that a major component of the risk one or more
years in the future is the risk that the risk will change.
Whenever volatility rises, so does the risk. Hence,
the expected distribution of future volatilities is cen-
tral to estimating long-term risks. It is hoped that
these examples will encourage more research into
measures of long-term risk.
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