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Market risk, that is to say the variability of returns from one period
to the next, or volatility, is one of the many risks faced by investors in
equities, bonds and currencies. In the case of U.S. equities, the VIX
by the Chicago Board Option exchange (CBOE) measures implied
volatility, i.e. the level of volatility implied by the prices of S&P op-
tions. It is seen as a forward looking measure, in contrast to realized
(or actual) volatility, which measures the variability of historical (or
known) prices.

In this paper, we introduce perceived volatility, an exponential and
dynamically-weighted combination of past returns on the S&P 500.
We find that it is closely correlated with implied volatility, showing
that the VIX may just be a (smart) reflection of the past instead of a
real forward-looking measure, as generally claimed.

Just like implied volatility, perceived volatility has some predicting
power of future volatility (27% standard estimation error), but the
model is unstable and limited to short forecasting horizons (38-
trading day is the optimal forecasting horizon, very close to the VIX
promise).

This matters because volatility — be it historical or implied — is
widely used to calibrate risk-taking in the financial services industry,
from volatility-targeting strategies, to collateral requirements esti-
mation, to prudential regulation. As such, it is a potential endoge-
nous source of man-made unknown unknowns.




MARKET VOLATILITY:

WHAT A MAZE!

No pain, no gain! No risk, no return! Simple
as it is, this basic idea underpins both the
theory and the practice of investing. But
what is risk and how should it be measured?
Investment risk is a hydra that manifests
itself in different ways. For instance, the
buyer of a corporate bond may or may not
get in due time all the money owed to him
by the issuer — this is credit risk. Similarly,
the owner of a stock may or may not find it
easy to sell her holdings without depressing
market prices — this is liquidity risk. The
price in a week’s time of a share, a bond or
a currency may or may not be very different
from today’s price: this is market risk, the
subject matter of this paper.

Historical volatility relates to the variability
of past returns. For example, in the case of
the S&P 500 from January 3rd, 1986 to De-
cember 6th, 2019 (ie. 8844 equally-
weighted daily observations), the average
daily (log) return has been 0.03% while its
daily standard-deviation has been 1.11%.
Had we conducted this exercise on 32
equally-weighted annual observations, we
would have found that the average annual
return has been 7.98%, while its annual
standard-deviation has been 15.63%. That
the historical daily volatility of the S&P 500
has been 1.11% over the last 33 years (or
15.63% at annual rate) may be a valuable
statistical observation for an historian. But
what matters to an investor is the volatility
of returns over the next 30, 90, 180 days ...
depending on his investment horizon. How
confident can he be that the past is any
guide to the future?

Now, hardly a day or a week goes by with-
out pundits suggesting that the CBOE's Vix
index captures U.S. equity market risk. When
they do bother to define this index, they are
content with repeating - time and again -
how conventional wisdom claims the Vix
should be interpreted. To wit:

“Wall Street’s so-called fear gauge [..], the
CBOE's Vix index, [..] gauges investor ex-
pectations of short-term volatility in US
stocks. The Vix index is the most closely
watched gauge of implied volatility in the
world’s biggest stock market. It reflects the
cost of buying short-term options on the
S&P 5002

or, from other recent example:

“The Vix volatility index — a measure of ex-
pected swings in the S&P over the next 30
days - has slumped to 12.78, not far off its
lowest levels of the year, and well below its
30-year average of around 19."3

To be fair, prominent practitioners lend their
credibility to such statements. To wit:

“Implied volatilities are used to monitor the
market's opinion about the volatility of a
particular stock. Whereas historical volatili-
ties are backward looking, implied volatili-
ties are forward looking”;

Another example:

“[implied volatilities] are based on prevail-
ing market prices rather than on the past
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history of returns and, therefore, they are
forward-looking measures of volatility.”

These four statements create a kind of
maze of seemingly important concepts:
backward looking historical volatilities, for-
ward-looking implied volatilities, volatility
index, investor expectations of short-term
volatility and Wall Street’s fear gauge. How
to walk through this maze, how to connect
these dots, is the subject matter of the pre-
sent investigation. We will start by defining
historical as well as implied volatility. We
will then argue that implied volatility is not
as forward-looking as generally believed.
Provided historical returns are properly
weighted, implied volatility is indeed strong-
ly correlated with historical volatility. Fur-
thermore, the causality runs both ways, from
implied to historical volatility, but also the
other way around. This calls into question
the basis of some of the most closely
watched barometers of market uncertainty,
and has consequences for and volatility-
targeting strategies.

Please note that valuation does not play
any role in this definition of market risk. Be it
over-valued, under-valued or fairly priced,
an asset is assumed to present the same
level of risk. Not all investors agree with this
approach.

1 Please note that valuation does not play any role in this definition of market risk. Be it over-valued, under-valued or fairly priced, an asset is assumed to present the same level of risk. Not all investors agree with this

approach.

2 Pan Kwan Yuk, Financial Times, March 19, 2019, Wall Street's fear gauge drops to over five-month low

3 Philip Stafford, Financial Times, November 20, 2019, The absence of fear is a little scary in itself

“4Hull, John C. (2018), Options, Futures and Other Derivatives, 9th edition, Pearson Education Limited, Harlow, p.319
5 Litterman, Robert B. (2003), Modern Investment Management, John Wiley & Sons, Inc., Hoboken, New Jersey, p. 246
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HISTORICAL VOLATILITY

IS ...VOLATILE

The essential characteristic of the daily,
weekly, monthly... historical (or past) re-
turns on bonds and equities is that they are
not constant through time. They can be
positive or negative, and more or less so in
either direction. In other words, they are
volatile. In first approximation at least, the
distributions of historical asset returns are
close to the famous bell-curve distribution,
with a large bump in the middle and pro-
gressively thinner and thinner symmetric
tails on either side®. At the center of the
distribution lies the average historical re-
turn; the larger the absolute deviation from
the average return, the lower its frequency.
Under the controversial assumption that
empirical distributions follow the bell-curve
pattern, one single statistical parameter —
the standard-deviation of returns — suffices
to characterize the dispersion of returns
around their average, as shown in Table 17.
In finance, the standard deviation of histori-
cal returns is called historical volatility. On
it depend both the range and the frequen-
cy of potential outcomes.

It is well known that empirical distributions
are fat-tailed, which means that the empiri-
cal frequency of extreme events is much

6 Otherwise known as the Laplace-Gauss distribution.

higher than what is suggested by the nor-
mal distribution.

However, historical volatility is easier to
define than to measure. Measuring histori-
cal volatility would be simple if it did not
depend on the observations selected to
estimate it. Unfortunately, historical volatili-
ty itself is volatile: the volatility observed
during the lost three weeks, months or
years is generally not the same as the one
observed during the three previous or the
three subsequent weeks, months or yearsé.
Therefore, an analyst looking to measure
historical volatility must decide, first, which
set of past returns is relevant in the case of
interest and, second, how to weight those
past returns. Needless to say, answering
these two questions is more an art than a
science. While pondering various alterna-
tives, an analyst should bear in mind two
additional stylized facts that characterize
the (mis)behavior of financial markets:

e large returns - be they positive or neg-
ative - are not uniformly distributed
through time, but tend to cluster at
irregular time intervals

Table 1:
Daily retum (x) | P(X<x)
Average return - 3-std deviation 331% 0.13%
Average return - 2-std deviation -219% 228%
Average return -1-std deviation -108% 1587%
Average retum 0.03% 5000%
Average return + 1-std deviation 114% 84.13%
Average return + 2-std deviation 225% 97.72%
Average return + 3-std deviation 337% 99.87%

Sources: Refinitiv, Allianz Research

e while there is only negligible depend-
ence between consecutive returns,
there is a significant degree of auto-
correlation between lagged squared
or absolute returns

In plain English, large - positive or negative
- absolute returns tend to be followed by
other large - positive or negative - absolute
returns, so that when volatility becomes
volatile it tends to be persistently so. In the
case of the S&P 500, Figure 1 illustrates the
first two of these stylized facts; Figure 2, the
last one.

Altogether, these stylized facts point to an
alternation of periods of low and high vola-
tility, as well as to persistent trends in vola-
tility. As such, they call for an agile tech-
nigue to monitor volatility, a technique that
can quickly capture regime changes, while
smoothing out the short-term noise. Such a
compromise is achieved by giving historical
returns weights that depend on how recent
they are, so that the weights decrease as
we move back through time.

71t is well known that empirical distributions are fat-tailed, which means that the empirical frequency of extreme events is much higher than what is suggested by the normal distribution.
8|n statistical parlance, this type of versatile behavior is called non-stationarity.



Figure 1: Volatility
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THE CASE FOR PERCEIVED VOLATILITY
AS A WAY TO TRACK HISTORICAL VOLATILITY

This kind of declining weighting scheme is
a common feature of the three standard
ways to track volatility: the exponentially
weighted moving average (EWMA), Auto-
regressive Conditional Heteroskedasticity
(ARCH) and Generalized Autoregressive
Conditional Heteroskedasticity (GARCH)
models. In the EWMA model, weights
decline exponentially at a constant rate
that one needs to optimize on a given
data sample (see Appendix |). The ARCH
and GARCH models are somewhat more
flexible than the EWMA model as the
weights do not decline at a constant rate:
they are directly estimated, but here
again their optimization is dependent on
a given data sample. In these three types
of models, as the weighting structure de-
pends on a given data sample, it is always
liable not to be optimal when applied to
fresh out-of-sample data.

In contrast to these three techniques, the
Allais transformation relies on an embed-
ded dynamic mechanism to deal with
regime changes (see Appendix 1)°. Admit-
tedly, Allais did not design this algorithm
to measure the historical volatility of asset
returns. But the statistical characteristics
of those returns (non-stationarity, volatility
clusters, autocorrelation of squared or
absolute returns) make it ideally fit to do
so. Hence, we use this transformation to
compute what we shall henceforth call
perceived volatility to distinguish it from
usual measures of historical volatility (like
EWMA, ARCH, GARCH). Since perceived
volatility is backward-looking or path-
dependent, it is one metrics of historical
volatility. To this extent, the word
“perceived” is synonym of the word
“historical”. In the presence of increasingly
large absolute returns, Allais’s transfor-
mation gives an increasing weight to the

most recent absolute returns, the relative
change in the weights depending on the
magnitude of the latest surprise or fore-
cast error. In an uncertain world, a world
of unknown unknowns, such a weighting
scheme potentially provides an accurate
description of how we imagine the future
by learning from past experience. If that is
the case, backward-looking as it may be,
perceived volatility should shed light on
how options are priced. The volatility
“expected” by market participants is in-
deed “the” critical variable, not to say the
joker, in Black and Scholes’s option pric-
ing model.

Implied volatility is nothing but the so-
lution of a reverse-engineering prob-
lem

Like any asset pricing model, the famous
Black and Scholes’s option pricing model
is a two-way street. A set of input varia-
bles being given, its primary function is to
compute the theoretical price of an op-
tion. But, through a reverse-engineering
exercise, it can also be used to compute
the value of an input variable that is con-
sistent with or rather implied by the mar-
ket price of an option. The expected vola-
tility of an asset’s returns being one of
Black and Scholes's model input varia-
bles, implied volatility is the value of ex-
pected volatility that is implied by the
market price of an option on this asset
(see Box).

However, implied volatility has to be re-
vealed to the layman by geeks who use
complex mathematical formulae to ex-
tract information from market prices. It is
therefore both mysterious and intimidat-
ing. By the leap of faith that markets are
efficient, implied volatility is interpreted as
a forward-looking indicator of market

volatility.

If this forward-looking interpretation is
correct, implied volatilities should be valu-
able inputs in internal risk models to ex
ante calibrate risk-taking. This probably
explains why implied volatility indices are
computed on a daily basis for all major
options markets, the oldest one being the
VIX, calculated by the CBOE since 1986
for options on the S&P100 equity index.
The VIX is actually an average of one-
month implied volatilities for various
strikes, for puts as well as call options. But
how confident can we be that implied
volatility is a forward-looking expecta-
tion?  Backward-looking  expectations
being present in the pricing of other finan-
cial instruments, like long-term bonds, why
should they be totally absent from option
pricing?10

91n JP Morgan's RiskMetrics model, the value of is set at 0.06 for daily data. It can be shown that this is equivalent to setting the characteristic length of the EWMA at 16 days.
10The View, 27/11/2019, What is already priced into long-term U.S. bond yields
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Theory Box

The buyer of an option has the right to buy (call option) or to sell (put option) an underlying asset, on a certain date (European option) or at
any time until a certain date (American option), at a given price (the strike price).

According to the Black and Scholes formula, the price of an option is a function of four directly observable variables:

1. The strike price of the option

2. The current price of the underlying asset

3. Thetime remaining to the expiry date of the option

4. Therisk-free rate of interest

and one variable that is not directly observable, the expected volatility of the underlying asset. Because it is not directly observable, it is the
genuine price of an option; it reflects a market consensus.

In the case of a call, the more the current price of the underlying asset exceeds its strike price, the greater the price of the option. For both
calls and puts, the more time that remains until the expiry date or the greater the volatility of the underlying asset, the more things may hap-
pen, hence the greater the price of the option. Finally, the lower the risk-free rate, the greater the present value of all possible outcomes,

hence the greater the price of the option.

In this framework, volatility is meant to be forward-looking, to be a forecast. It is not meant to depend on historical volatility.
As volatility is not directly observable, two types of “what if” questions may be raised:
The straight question: what is the theoretical price of an option for a given level of expected volatility?

The reverse question: what is the level of volatility implied by the market price of a given option?

The answer to this second question is called “implied volatility”. and its current value.

Implied volatility is closely linked to per-
ceived volatility

Like it or not, Figure 3 shows that implied
volatility and perceived volatility have been
closely correlated (see model 1 in Appendix
1), both in-sample (from 15/07/1993 to
30/12/2005) and out-of-sample  (from
30/12/2005 onwards). 11

In other words, the path followed by past
returns, which is captured by perceived vola-
tility, does fit in with implied volatility or,
more simply, past returns are present in
implied volatility. Most interestingly, this
relationship is a reliable one, as the model's
key coefficient is very stable (see Table I).

But correlation does not necessarily imply
causation in any meaningful sense of that
word: correlations may be spurious or
meaningless. To test whether perceived
volatility “causes” implied volatility, the
Granger causality test first computes how
much of the current implied volatility can be
explained by its past values. It then tests
whether adding lagged values of perceived
volatility can improve the explanation. If
that is the case, perceived volatility is said to
cause implied volatility. As interdependence
is ubiguitous in economics and finance, two-
way causation happens to be frequent.
Granger causality measures precedence
and information content but does not by
itself indicate causality in the more common
sense of the term. The result of Granger
causality test depends, of course, of the lag
used.

For lags of one to five days, two-way causa-
tion prevails between perceived and implied
volatility. Then for lags of six to eight days,
the causality runs from implied volatility to
perceived volatility by a wide margin. Be-
yond nine days, there is no clear pattern.
That implied volatility may sometimes lead
perceived volatility by a few days is con-
firmed by the fact that it is possible improve
the accuracy of the first model by introduc-
ing an eight-day lag between the two varia-
bles. However, the improvement is quite
marginal. In plain English, all this means
three things:

e first, perceived and implied volatilities
very much tell the same story, the past
is present in the present: once bitten,
twice shy!

e second, conventional wisdom notwith-
standing, there is some evidence that
implied volatility is backward-looking.?

e third, in financial markets, people tend
to buy insurance once an accident or a
catastrophe has occurred, but not be-
fore.

Perceived volatility (alias implied volatili-
ty) is not indicative of future volatility

Does this mean that perceived volatility or
implied volatility are of no use to forecast
future volatility? Not necessarily, owing to
the three stylized facts mentioned above
(alternation of different volatility regimes,
volatility clusters, autocorrelation of abso-

lute or squared returns).

As a matter of fact, there is some correlation
between perceived volatility and future
volatility: it is not very high, it varies with the
forecasting horizon, which is in any case
rather short, but it is there. This is what a
model having the structure of the second
one does show. Why use perceived rather
than implied volatility as an input in this
model? Because perceived volatility can be
computed as far back as asset prices are
available, while implied volatility time series
only start when options markets were creat-
ed. In the case of the S&P 500, from January
1970 to December 2006, the highest corre-
lation is obtained over a 38-trading day
forecasting horizon (almost eight weeks).
However — even on this optimal forecasting
horizon — the R-SQ is only 47%, the standard
estimation error is 27% of future volatility
(i.e. about 3 points of annualized volatility)
and the model is not particularly stable out-
of-sample. At the current juncture, its sug-
gests that future volatility should be rising
(Figure 4).

But it would not be reasonable to bet the
ranch on such a model. At the risk of bor-
rowing the famous line according to which
past performance is not indicative of future
returns, one could say that neither implied
volatility nor its kin - perceived volatility - is
indicative of future volatility. So what? Does
it matter? And if so, why?

1\While the VIX times series starts in January 1986, it happens that before July 15th, 1993 we only have a time series for S&P 500 closing prices. This is why our regression, which uses also opening, high and low prices,

only start in July 1993.

22]nvestigations conducted in a dozen of other markets (commodities, currencies, non-US equity indices...) find similar relationships between perceived volatility and implied volatility. For the sake of brevity, they are not

presented in this investigation.

7



Figure 3: Model 1
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Table 2: Recursive estimations of the coefficient ¢,
15/07/1993 | 3-year | 5-year | 10-year
to moving | moving | moving
window | window | window
17/12/2019
Minimum 0.9616 0.9866 0.9922 0.9972
Average 1.0034 10151 10149 1.0153
Maximum 1.0152 10432 10368 1.0287
Latest value 1.0123 1.0197 10198 1.0268

Sources: Refinitiv, Allianz Research

Figure 4: Model 2
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BEWARE OF

FUTURE VOLATILITY

[t does matter for at least four reasons.
First, because — as shown in Figure 3 - vola-
tility can be very volatile (from 1994 to
date, it has fluctuated between the low
tens and 90%). Second, because - as
shown in Figure 1 - volatility tends to in-
crease when markets crash. This is why
when a practitioner boldly “predicts” that a
market will be volatile, the layman should
decipher such a statement as a forecast
that prices will fall. Third, because the fi-
nancial services industry pervasively uses
volatility — be it historical or implied - to
calibrate the size of its positions — be they
long or short — notwithstanding the fact
that future volatility is hard to predict.
Fourth, because volatility spikes are liable
to stress money markets through collateral
and margin calls.

A case in point are those strategies that
systematically sell options (i.e. implied vola-
tility) to enhance returns in a low interest
rate environment (so-called “inverse volatil-
ity” strategies). The hunt for yield fostered
by unconventional monetary policy is in-
deed incentivizing investors, even retail
ones, to sell options?3. The more the central
banks’ “puts” are credible, the greater the
incentive to write slightly out-of-the-money
options so as to cash in the corresponding

premiums, hoping the options will not be
exercised.

This increased supply of implied volatility
tends to compress implied as well as real-
ized volatility most of the time, but it also
fosters by the same token the brutal volatil-
ity spikes seen in early and late 2018.
Through a second-round cumulative effect,
the low level of volatility is indeed an incen-
tive to take more risk in the many volatility-
targeting strategies — like risk-parity strate-
gies or Solvency Il ratios — that rely on the
ubiquitous Value-at-Risk  (VaR) models.
This initially directly supports the prices of
the underlying assets. All the resulting posi-
tions are easy to price and to manage as
long as the prices of the underlying assets
move, if not continuously (as assumed in
the Black & Scholes model), at least gradu-
ally.

But this is by design an unstable equilibri-
um. In February 2018, in one single trading
day, an “inverse volatility” exchange-traded
product lost 90% of its value. As a matter of
fact, large price gaps (discontinuities) can
trigger a chain reaction of cumulative, self-
reinforcing, forced selling. This is what hap-
pened with “portfolio insurance” in October
1987, following a large downward move

Figure 5: Volatility spikes and deposits at clearing houses
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triggered by some unexpected “bad news":
to limit their potential losses, equity put
sellers became forced sellers of equity fu-
tures, thus reinforcing the vicious positive
feedback loop they were trying to escape.
In other words, risk is not a kind of physical
constant that Nature would “give” to a
market; it is man-made, it is endogenous to
markets.

Following the Great Financial Crisis, to alle-
viate the credit risk present in derivatives
transactions, they are increasingly being
settled through clearing houses and se-
cured by collateral and margin calls. As a
result, volatility spikes do have an impact
on the demand for liquidity*. In the last
two years, as shown in Figure 5, we have
experienced three brutal rises in the VIX:
the first, in January 2018; the second, from
October to December 2018; the third, in
July-August 2019. In all three cases, the
deposits made at clearing houses rose
significantly. In the last instance, the over-
night repo rate briefly rose to 10%, 775
basis points above the Federal Funds tar-
get rate!

As Hyman Minsky put it, “stability begets
instability”. This aphorism is never so true
and worth remembering as when volatility
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1 Robin Wigglesworth, June Yoon, Song Jung-a, Financial Times, June 6, 2019, How Korea's yield-seeking pensioners are shaking world markets, Analysts warn that popular “auto-callable” products could exacerbate

turbulence.
1 The View, 10 October 2019, The U.S. money market has the shakes
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APPENDIX 1: Allais transformation

In an uncertain world, a world in which we
don't know what cannot happen, how do
we update our knowledge of a given phe-
nomenon, inflation for example, when fresh
information becomes available?

A classic way of representing such a psycho-
logical process posits that the inflation rate
expected at time n equals the rate expected
at time n - 1 plus a constant fraction k of the
latest surprise or forecast error

where the variable x, represents the

Zy = Zp oy + k(e — 2, 4) with 0<k<1

latest monthly rate of inflation.

In such a process, the weight given to past
data declines exponentially: the older an
observation, the lower its relevance. By re-
currence, we have indeed:

L ot + (1 =I)xp 1+ (1= k)x, 5+ + (1= k)" _
" 1+(1-k+Q-k2+-+QQ-k" -

N

n

=kZ,

= ,_.|

APPENDIX 2: Models

Model 1

InViX; = ¢;Inz; + 0.5146n 260 + &;

where implied volatility - VIX; - is expres-
sed at annual rate and perceived volatility
zjexpressed at daily rate.

Allais’s transformation is designed to pro-
cess rates of change, i.e. a variable the
dimension of which is t?, t being time. As
squared returns have a t2 dimension, they
cannot feed Allais’'s algorithm. Therefore,
perceived volatility is computed using the
absolute value of the daily returns, which
— like squared returns — is always positive,

What does the parameter k stand for? It
stands for either one of the following equi-
valent concepts: the speed at which we up-
date our knowledge, the rate at which our
memory decays or the elasticity of our ex-
pectations.

This classic way of modelling expectations is
easy to use, but it has one serious shortco-
ming: why should k be constant through
time? If we set the parameter k close to O,
we assume people to learn slowly from ex-
perience, to have a long memory and to
form inelastic “expectations” so that their
view of the world is not very much impacted
by the most recent information. This may be
a correct assumption when the environment
changes slowly, but not in a context where
things change fast, or a fortiori faster and
faster.

Now, if we say that the rate of memory de-
cay k should be path-dependent rather than
constant, we have to say how it varies. This is
where we need to consider time from a psy-
chological point of view. Time and again, we
all perceive clocks’ time to flow sometimes
slowly, sometimes quickly. It all depends on
the pace at which change unfolds. The more
time is replete with change, the more we

but like — daily returns — has a t* dimen-
sion.

Daily returns are computed as an average
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perceive time to flow quickly. And, when we
perceive time to flow quickly, we forget
quickly. Let's consider an historical example
to illustrate this psychological experience.

At the end of the German hyperinflation, in
1923, prices were doubling every 89 hours.
In 1946, at the end of the Hungarian hype-
rinflation, it took only 15 hours for prices to
double, that is to say, six times less time to
post the same change. Let us now assume
that psychologically, it is a doubling of
prices rather than the Earth’s rotation that
beats time. Then, relative to this doubling of
prices, people would have perceived time to
flow six times faster in Hungary than in Ger-
many, and their rate of memory decay
would have been six time higher.

Psychological time is the reason, why in Al-
lais's model, the rate of memory decay k is
context-dependent. More precisely, it is a
non-linear increasing function of z,_,, it va-
ries through time commensurately to the
latest forecast error and it is liable to vary
between O and 1.

Zy = Zng + K200 — Z0a)

with 0 < k(Z, ) €1 dk/dZ >0 dic/de = f(x, = 24.1)

close to 0.5, the value used to scale volati-
lity to time according to the well-known
square-root-of-time rule.

of: The standard estimation error is 0.1274,
which is about 2 percentage points of

e all 4x4 combinations of opening,
high, low and closing prices between
two consecutive trading days

e and intraday volatility during the
latest trading day

The term 05146 [n260 annualizes the

implied volatility.
Model 2

InVijr = ¢z + e + &

daily perceived volatility, 260 being the
number of trading days in a year. The
value of the exponent (0.5146) is set so as
to ensure that ¢; = 1. Interestingly, it is very

where z,,is the perceived volatility ob-
served at time i-1 and Vj;,ris the average
absolute value of daily returns between |
andi+T
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FORWARD-LOOKING STATEMENTS

The statements contained herein may include prospects, statements of future expectations and other forward-looking
statements that are based on management's current views and assumptions and involve known and unknown risks and
uncertainties. Actual results, performance or events may differ materially from those expressed or implied in such forward-
looking statements.

Such deviations may arise due to, without limitation, (i) changes of the general economic conditions and competitive situa-
tion, particularly in the Allianz Group's core business and core markets, (ii) performance of financial markets (particularly
market volatility, liquidity and credit events), (iii) frequency and severity of insured loss events, including from natural ca-
tastrophes, and the development of loss expenses, (iv) mortality and morbidity levels and trends, (v) persistency levels, (vi)
particularly in the banking business, the extent of credit defaults, (vii) interest rate levels, (viii) currency exchange rates
including the EUR/USD exchange rate, (ix) changes in laws and regulations, including tax regulations, (x) the impact of
acquisitions, including related integration issues, and reorganization measures, and (xi) general competitive factors, in
each case on a local, regional, national and/or global basis. Many of these factors may be more likely to occur, or more
pronounced, as a result of terrorist activities and their consequences.

NO DUTY TO UPDATE

The company assumes no obligation to update any information or forward-looking statement contained herein, save for
any information required to be disclosed by law.
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