by Richard M. Bookstaber and Steven Pomerantz

An Information-Based Model of
Market Volatility

A model for volatility, based on the relation between volatility and information flows, leads
to the specification of a stochastic process for volatility. This allows one to compute
potentially useful properties, such as the probability that volatility will cha nge from one level
to another within a specific time period.

The model relies on three characteristics of information. (1) I nformation arrives in discrete
“packets,” and the probability of its arrival is a function of time. (2) Different pieces of
information have different degrees of impact on the market, hence on the market's volatility.
(3) It takes time for the market to digest information; the greater the impact of the

information, the longer its effect on volatility will last.

Comparison of actual daily volatility for the Treasury bond yield with the volatility given
by the information-based model shows clear similarities between the frequencies of variabil-
ity, the ranges of volatility, the speeds with which spikes dampen and the longer-term
waviness of the processes. The model also did well in explaining equity market volatility

following the 1987 crash.

The model suggests that volatility is mean-reverting. The tendency is for above-average
volatility to decline and for below-average wvolatility to increase. The nature of the
information flows underlying the model suggests that volatility can be expected to be

reasonably stable over long time periods;
dramatically, even over five or 10 years.

the financial markets has lent increasing

importance to volatility. Volatility is cen-
tral to many investment decisions in new prod-
uct areas and is the critical variable in options.
Just as bond traders make quotes in terms of
yield rather than price, option traders typically
make option quotes in terms of volatility rather
than dollar value. Option-related products such
as interest rate caps and floors vary in price
according to volatility. The pricing and invest-
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the mean level of volatility may not change

ment attractiveness of mortgage-backed securi-
ties, callable bonds and other fixed income in-
struments with embedded options depend on
market volatility. The cost of many sophisti-
cated hedging strategies, such as portfolio in-
surance, also depends on the level of market
volatility.

Despite its central importance to investment
analysis, to date there has been no model that
describes the nature of volatility. Much has been
written on estimating volatility, using past se-
curity prices or the volatility implied in option
prices. And attempts have been made to specify
volatility as a time-series process. But the ques-
tions central to understanding volatility—what
determines volatility, what accounts for the
short-term variability and the long-term stability
of volatility, how volatility differs from one
market to another—remain unanswered. Vola-
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Table I Historical Volatilities of Selected Markets

Markit Annualized Volatility
S&P 500 15%
Major Market Index 17
Nikkei 225 Index 15
Gold 25
Copper 24
Platinum 32
il 22
Japanese Yen 11
German Mark 13
Treasury Bonds (Yields) 15

tility analysis today depends on the same rudi-
mentary estimation methods, based on histori-
cal and implied volatility, used in the mid-1970s.

This article develops a model for volatility,
based on the relation between volatility and
information flows. The model leads to the spec-
ification of a stochastic process for volatility that
allows us to compute potentially useful proper-
ties, such as the probability that volatility will
change from one level to another within a
specified time period. The model also provides a
basis for deeper understanding and analysis of
volatility, because it establishes a relationship
between information and volatility.

Volatility and Information

The volatility of an asset indicates the variability
of its returns. Conventionally, volatility is mea-
sured as the annual standard deviation of the
asset’s returns.’ It thus expresses variability
around a trend growth rate.

An important aspect of volatility is its empha-
sis on the variability, rather than the direction,
of prices. Each path illustrated in Figure A, for
example, has the same 18 per cent volatility,
even though the direction of prices differs in
each case. To give a sense of the range of
volatility, Table I presents the average historical
volatilities of a number of markets.

The Impact of Information

Information leads to changes in expectations,
which in turn lead to changes in prices. Because
volatility is the product of unanticipated price
movements, it is closely related to information.
In fact, we can think of price volatility as noth-
ing more than a manifestation of information in
the market. If information never came along to
cause a reevaluation of the markets, prices

1. Footnotes appear at end of article.

would be set according to the present value of
expected future value and would grow
smoothly.

The information that affects asset prices
comes primarily from financial and economic
announcements, such as announcements of the
Consumer Price Index, money supply, corpo-

Figure A  Same Volatility, Different Price Trends
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rate earnings, Gross National Product or trade
numbers. The extent to which the numbers
contained in such announcements differ from
the values expected by the consensus can be
used as a gauge of the information content of
the announcements. If the government an-
nounces a trade deficit of $14 billion, for exam-
ple, and the consensus had expected a deficit of
$14 billion, then the announcement has little
information content and will have little effect on
volatility. If the consensus had expected a deficit
of $20 billion, however, then the announcement
of a $14 billion deficit would have substantial
information content and a large impact on price
volatility.

The types of information mentioned above
are conveniently measurable. Their arrival and
the consensus expectation of their arrival, their
content and the consensus expectation of their
content are easily monitored and quantified.
The timing and impact of other sources of
information, such as surprise political events
(wars or assassinations) or natural phenomena
(earthquakes or floods) are not as easily antici-
pated or quantified. But their overall effect is not
as pervasive, either.

Another source of volatility is the trading
brought about by the liquidity and asset alloca-
tion needs of institutions and the market-timing
decisions of investors. For the purposes of this
article, we can think of this trading as the result
of information—changes in the parameters of
market timing models or in the liability needs of
pension plans, for example. Because it is private
information, however, it cannot be monitored
the way public economic information can,

Although not all sources of information can

Figure B Information Arrival and Assimilation
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be easily monitored, they can in principle be
identified and quantified. Information is thus
not an ethereal concept. The frequency with
which information arrives in the market, its
average impact and the time it takes the market
to adjust to it and discount it can all be ana-
lyzed.

An Information-Based Model of
Volatility

We use three characteristics of information to
develop a volatility model. First, information
arrives in discrete units or “packets,” and the
probability of its arrival is a function of time.?
Second, different pieces of information have
different information contents and therefore dif-
ferent effects on market volatility. Third, once
information comes into the market, it takes time
for the market to “digest” it fully.

The assertion that a packet of information has
an extended, though diminishing, impact on
volatility does not conflict with allowing infor-
mation to be immediately reflected in the mar-
ket price. The impact of information on volatility
is due to the price being revised as the implica-
tions of the information packet continue to be
analyzed by the market. The model suggests
that the extent of these revisions will diminish,
the longer the information is analyzed by the
market, and that the bigger the impact of the
information, the longer its overall effect on
volatility will last.

Figure B illustrates the process of information
arrival into the market. A jump in the line
represents new information. We can denote the
average arrival time of information in the market by
A. The impact or amplitude of the information can
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be measured by its height on the vertical axis, h.
The decay of the information’s effect is illustrated by
the curving line sloping downward from the
information’s arrival point. The half-life of the
curve (the time it takes for the curve to drop to
one-half its original height) is determined by
alpha, a.”

Figure C shows the distribution of informa-
tion amplitude—the probability that informa-
tion packets with given information content will
arrive within a given time span. The probability
of information of a given size arriving decreases
exponentially with the amplitude of that infor-
mation.

We can now envision volatility as a process
that is a function of three parameters—the av-
erage arrival time of information, A; the magni-
tude, or importance, of information, h; and the
speed with which information is analyzed by
the market, a. As we will see, these parameters
differ across markets and may differ within a
market over time.*

By assuming that volatility is linearly related
to information, we can specify volatility as a
compound Poisson process. The volatility in the
market is given by the following equation:

N

olt) = E Hy exp [ — alt - Wl
k=1

where N, is the number of information packets
that arrive in the interval from 0 to t (0.t). The
H, are independent exponential random varia-
bles that represent the magnitude of the
information.®

Does the information-based model of volatil-
ity provide a reasonable estimate of actual vol-
atility? The examples below provide some indi-
cation of how the model works in various
markets.

Bond Market Volatility
Figure D compares the actual daily volatility of
the Treasury bond yield with volatility given by
the information-based model.®

The model volatility graph is based on the
stochastic process defined by the three parame-
ters A, h and a. We estimated the first two
moments of the actual volatility distribution as
well as the first-order serial correlation, and
used these three values to solve for the three
parameters.” Placing these values into the
model generated the stochastic process that

Figure D The Stochastic Process of Volatility
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yielded the time series of instantaneous volatil-
ity shown in Figure D.

A visual comparison of the two graphs shows
a clear similarity in their stochastic processes—
the frequency of variability, the range of vari-
ability, the speed with which spikes dampen
and the longer-term waviness of the process
masked by the spikes. The most noticeable
difference between the two processes is that the
actual volatility occasionally ranges above 30 per
cent, while the model process is truncated on
the upside. This difference suggests that the
exponential distribution we are using for the
magnitude of information may not capture the
number of high-information events that were
actually observed in the market. That is, the
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distribution we are using may not provide a Table Il Volatility Decay for 1987 Market Crash
thick enough tail.

Volatility Day Number
Autocorrelation of Volatility -1 R
One tool for looking at the behavior of vola- 55 573
tility is the correlation between current volatility f; 35 H'ﬁ
: 1.

and the volatility of previous periods. This is
analyzed using a correlogram. Figure E com-
pares the correlogram for the model with the
correlation of actual Treasury bond volatilities.

The model correlogiam has a negative expo- Interpreting the Model Parameters
nential shape, starting high and rapidly decay- The model, by tying volatility to information
ing toward zero correlation. That is, the corre- flows, gives volatility an economic and financial
lation between current and past volatilities interpretation. An important question is
(autocorrelation) drops off rapidly, the farther whether the model parameters make sense fi-
into the past we go. The speed of the decay isa nancially. What do the parameters say about the
function of the parameter values. In particular, assumed rate of information arrival and the time
the decay rate, a, determines the time span over it takes for information to be assimilated into the
which current volatility will be related to past market?
volatilities. The arrival of major information, for Solving for the three parameters using the
example, will cause volatility to spike, but (ev- bond data, we obtained an estimate of 0.035 for
erything else being equal) that spike will grad- the height parameter, h, which measures the
ually dissipate as the information is assimilated expected magnitude of the information’s im-
into the market. From the time of the arrival of pact. This value represents the average volatility
the information until the information is fully that a new piece of information must “cause” if
assimilated, volatility will exhibit autocorrela- itis to offset the decay of previous information
tion. impacts. We obtained for a an estimate of 50;

It is also apparent from Figure E that the this means that roughly one-fifth of the volatil-
autocorrelation of actual bond volatilities has ity decays each day.®
the same characteristic shape as the model au- If past information is assimilated into the
tocorrelation. The autocorrelation of actual bond ~ market at this rate, then an amplitude of infor-
volatilities, however, tends to decay more rap- mation of 0.035 in each information packet is
idly than the model autocorrelation. This sug- sufficient to maintain the average 0.14 volatility
gests that the exponential decay rate we use in  of the actual bond data. This can be thought of
the model may understate the speed of decay, as a “background radiation”” of information,
especially immediately following the arrival of which is affecting the market continuously. An
the information. amplitude of information above this level leads
to higher-than-average volatility, while momen-
tary lulls in the information flow cause volatility
to drop below the mean.

The frequency of information arrival is given
1.00 by A. For the bond data, we estimated a value of

197 for this parameter. The expected waiting

i time between information arrivals is the recip-
0.60 4—= rocal 90[ A—0.5 per cent of a year, or 1.3 trading
days.

Figure E  Autocorrelation of Volatility

 getloion Historical

Volatility During Equity Market Crashes
The stock market crash of October 19, 1987
provides a particularly interesting test of the
-0.20 volatility model. Market volatility that day was
R ETE ¥ a1 23 25 over 10 times the historical level.

Lag (Days) For the parameter a—the time it takes for

information to be assimilated into the market,
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Figure F S&P 500 Instantaneous Volatilities, Table I Volatility Parameter Values for Various Markets
9/1/1987 to 3/8/1988
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October 19 Trading Days

and therefore the time over which it will have a
volatility impact—we estimated a value of 60.95,
based on S&P 500 data. The number of trading
days in the half-life of the impact of information
on volatility can be computed as the value for t
that sets the expression exp(—at) equal to 0.50.
We thus derived a half-life of information of 2.87
trading days.

On the day of the crash, the instantaneous
volatility (measured by the high/low prices) was
220 per cent. A half-life of 2.87 days suggests the
volatility pattern shown in Table II. The model
thus predicts that it would take approximately
14 trading days for the full impact of an event as
tumultuous as the crash to be absorbed by the
market.

Figure F shows the daily volatility of the S&P
500 over the period from September 1, 1987 to
March 8, 1988. Superimposed on the volatility
graph is the decay rate predicted by the volatil-

Figure G Stock Market Volatility
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ity model. The decay of volatility after October
19 followed the model's prediction, dampening
over time at the prescribed rate and returning to
the long-term mean after 12 days.

These results may come as a surprise to those
who followed the option markets after October
19. The implied volatilities in the option markets
remained at double their historical levels for
several months after October 1987, and the
general impression was one of a long-term,
persistently high volatility. As Figure F shows,
while there were several days over the course of
the following months when high volatility re-
curred in the equity market, the impact of the
volatility spike from October 19 dissipated in
several weeks. '’

1928-35 vs. 1980-87

Comparing the model results for the same
market over different time periods helps to
verify the stability of the model parameters. We
estimated the model for the U.S. equity market
over the 1928-35 and 1980-87 periods. "’

The 1928-35 period included three years of
unprecedented high volatility, while the 1980-
87 period was a fairly average time for the
market. Figure G graphs market volatilities over
these two periods. Given the differences in the
volatility time series, we should expect differ-
ences in the model parameters. In fact, we
arrived at values for Ma and h of 3.44 and 0.064,
respectively, for the 1928-35 period and 3.28
and 0.041 for the 1980-87 period."

The ratio of frequency to decay rate of infor-
mation (M) in the two periods is virtually the
same. The difference in the volatilities can thus
be ascribed completely to the value of h, which
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is the average impact of the information on
prices. The impact of information on prices was
roughly 50 per cent higher in the 1928-35 period
than in the 1980-87 period.

This might have been expected, given the
economies of the two periods. Many more firms
were close to default during the Depression
years; they would have had higher leverage, so
any information would have been expected to
lead to greater price movement. That the other
parameters remained constant over these highly
disparate times provides additional support for
the robustness of the model.

Commodities, Foreign Bonds and Foreign
Equities

To test the robustness of the model and provide
some insight into information flows and volatil-
ity dynamics, we estimated the parameter val-
ues for other markets. In all cases, the data used
covered January 1980 to October 1987. The vol-
atility estimate was based on close-to-close
prices for weekly periods. Table 1l gives the
results.

By comparing the values in this table, we can
conclude that the information flow in the for-
eign exchange and interest rate markets is sim-
ilar to that in the equity markets. For the commod-
ities, though, there are substantial differences.
The height parameter is much larger, indicating
that news events have a greater impact on the
markets. This may be attributable to the less
diversified nature of these markets. The ratio of
arrival frequency to decay (Ma), by contrast, is
smaller, perhaps because news specific to these
markets arrives less frequently than in the more
economically driven markets.

Figure H  Weekly Volatility of Silver,
September 1979-September 1987
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Figure H shows the weekly volatility in the
silver market. A visual comparison of this vola-
tility with the Treasury bond vyield volatility
(Figure D) or the stock market volatility (Figure
G) helps to illustrate these differences.

Applications of the Model

The immediate applications of the model are to
show important stochastic properties of volatil-
ity and to compute the probability of volatility
changing within a specified time period.

Mean Stability and Mean Reversion

A key characteristic that comes out of the
model is that volatility is mean-reverting. A
high volatility will tend to decline and a low
volatility will tend to increase to a mean level.
We can also draw some conclusions about the
time expected for such a reversion to occur, but
first the property of mean reversion itself de-
serves some comment.

Our model states that volatility is a function of
the arrival rate, amplitude and decay rate of
information in the market, The nature of infor-
mation flows suggests that, over reasonably
long time periods, these three parameters,
hence volatility itself, can be expected to be
stable. This is because the nature of information
flows is tied to the foundation of the economic
system.

The rate of information arrival depends on
fundamental things such as the reporting struc-
ture and accounting periods of regulatory and
financial institutions. The amplitude of informa-
tion depends on the speed with which policy is
set and changed by the Federal Reserve System
and the legislature, and on the corporate struc-
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ture of the U.S. and world economies. The rate
at which information is absorbed depends on
the computational skills and psychological fac-
tors of the marketplace. All of these factors are
slow to change.

This suggests that the mean level of volatility
will not change dramatically, even over reason-
ably long time periods of five to 10 years.
Statistical analysis dating back to before the
Depression bears this out for the equity markets.

Our analysis leads to two practical results.
First, if the model is correct in showing volatility
to be a mean-reverting process, and if the mean
can be assumed to be stable, opportunities to
exploit deviations of volatility from the mean
may arise. Second, a stable mean and a mean-
reverting process provide a risk-management
basis for executing long-dated options and caps
and bonds with long-term embedded options
and contingent claims.

The Volatility Time Curve, The ‘Term

Structure’ of Volatility

The behavior of volatility presented in this
analysis allows us to create a picture of volatility
over time. This volatility time curve is for vola-
tility what the yield curve is for interest rates.
The curve, presented in Figure 1, shows the
range of volatility when volatility is measured
over various lengths of time. The 10-day point
on the figure, for example, shows the range of
volatility averaged over a 10-day period, while
the 500-day point shows the range of volatility
averaged over a two-year period.

The important characteristic of this time curve
is that the range narrows as the time period of
the average increases. While there is wide un-
certainty for a 30-day volatility, the range of
uncertainty for two years is much smaller; this is
a direct result of the mean reversion of volatility.
It can be shown that the range will diminish
with the square root of time. The volatility time
curve has implications for the risk management
of long-term options similar to the implications
the independence of events has for risk man-
agement in the insurance industry.

This time curve also suggests that options
with different times to expiration may have
different implied volatilities. The longer the time
to expiration of an option, the closer the implied
volatility can be expected to be to the long-term
mean volatility.

Future Possibilities

Because the theory presented here provides a
mathematical link between information and vol-
atility, and because a large amount of informa-
tion can in principle be quantified, more de-
tailed econometric models of volatility are
possible. Such models can look at the flow of
information and its future impact on volatility.
For example, some of the distributional charac-
teristics of future volatility can be inferred by
observing the variance of market forecasts con-
cerning an impending announcement.

Furthermore, because we have a stochastic
process for volatility, it may be possible to
develop an option pricing model that allows for
stochastic volatility. Furthermore, the volatility
model may have applications in trading and
investment decisions, With an understanding of
the nature of mean reversion, trading decisions
can be made on the probability distribution of
the course of volatility. Those involved in mar-
ket timing and tactical asset allocation strate-
gies, for example, can add options as an addi-
tional asset class, with the volatility model
helping to guide decisions on when the options
may be the cheapest source of asset exposure or
a value-added means of reducing exposure.

Finally, because deviations in volatility are
driven by both market-based information and
changes in investor holding patterns from other
sources, it may be possible to use changes in
volatility as a means of gauging liquidity and
market flows. If market information is taken to
be constant, an increase in volatility may be due
to changing liquidity demand for the asset. B

Footnotes
1. One way to make this measurement is to get an
estimate of daily returns by taking the logarithm
of closing prices, R, = In (CJC,_,), which mea-
sures the daily returns of prices, and calculate an
estimate of the standard deviation of Ry

1 5 112
[ Z{Rt—ﬁ.ﬁ]
n—=1io4

where R, is the mean of R,. Other methods are
available that use the high and low prices for the
day, or the high, low and closing prices. More
recent methods also use the time interval be-
tween price changes. These estimates tend to be
more precise, because they take advantage of
more information on the dispersion of prices and
because high and low prices are not subject to the
market difficulties that can surround closing
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prices. Of course, any of these estimates, being
based on historical data, is only useful to the
degree that past data can be extrapolated into the
future.

. In particular, we assume information arrives as a
Poisson process. The Poisson process is a natural
one for the arrival of information. The longer we
wait, the more likely it is that information will
come and, conversely, it becomes increasingly
less likely that information will appear if we wait
for smaller and smaller time periods. Further-
more, the arrival of one piece of information is
independent of the arrival of other information.
The independence of information is a central
result of the work on efficient markets. If a new
piece of information were not independent of
information that came in the past—that is, if a
new piece of information were related in some
way to other information that had already come
into the market, that relationship would be re-
flected in current market prices. The only facet
remaining for the new information would be that
part that was independent of the past. It should
be noted that one problem with applying the
Poisson process in this model is that some infor-
mation, such as economic numbers, arrives at
predetermined times, contrary to the assump-
tions of the process.

. As can be seen in Figure B, both the arrival time
and the amplitude of information are random
variables. We specify the arrival of an event
based on a Poisson process, and given that an
event has arrived, its amplitude is drawn from an
exponential process. The exponential distribution
gives an increasingly smaller probability to large-
amplitude events.

. On the basis of this analysis of volatility, it is easy
to see why approaches to developing a forecast-
ing model of volatility have failed. Because vola-
tility is a function of information, and informa-
tion is by its nature unpredictable, attempts to
forecast levels of volatility are doomed to failure.
What we can hope to discover is the stochastic
process governing volatility. The expected value
of volatility, the rate of expected mean reversion,
the probability of volatility being within a certain
range, given its current level—all are calculable
with our model. But estimating the volatility of
the market some time in the future depends on
knowing the course of information in the future,
and because we can discuss future information
only in a probabilistic or distributional sense, we
can only treat volatility in a similar fashion.

. The distributional characteristics for volatility are
developed in the appendix. The stationary distri-
bution of this process has as its characteristic
function:

(1 = ihw) ~ =,
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The first two moments of this distribution are
calculated to be:

Ah AR (.\ )
— —|—+1}).
x o [+ §

6. The historical daily volatility is computed on the

basis of the daily high and low values, using the
extreme-value method presented in M. Parkin-
son, “The Extreme Value Method for Estimating
the Variance of the Rate of Return,” Journal of
Business, January 1980.

7. As shown in the appendix, the moments of the

distribution are all stated in terms of h and the
ratio AMee. In order to get explicit values for A and
a, we must solve for a quantity whose value is a
function of A. We use the correlation as the third
equation to do this.

8. Assuming 252 trading days in the year, this result

is obtained from the calculation for the volatility
impact remaining one day after information ar-
rives: exp (—50/252) = (.82,

9. Assuming 252 trading days in the year, this is

10.

11.

12,

A

calculated as 252/197 = 1.3.

One reason for the perception of continued high
volatility is that most valatility measures employ
a moving average. By construction, the impact of
the crash will be manifest in such estimates for a
length of time equal to the moving average em-
ployed.

We used the Dow Jones industrials for the former
period and the S&P 500 for the latter. Because it is
less diversified, the DJIA tends to be slightly
more volatile than the S&P 500, even though it
typically holds stocks of less-than-average vola-
tility. For our purposes, the two can be used
more or less interchangeably. The data were
monthly prices.

The values here and in the following tables are
expressed in terms of A/a to avoid problems in
scale, because different time intervals were used
in the calculation of the volatilities. These two
parameters occur as a ratio in the expression for
all the moments of the process.

ppendix

The level of information in the market is repre-
sented by a continuous Markov process. Infor-
mation signals with random strength S, arrive at
random time t,. The t; follow a Poisson process
and the information decays such that the

amount present at time t due to a single signal is

gi

ven by:
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We will call a the decay parameter, as after
information arrives it decays exponentially at
this rate. The total amount of information in the
market due to the N, signals received in the time
interval [0,t] is found as:

Ny
alt)= 2,5 exp [ —a (t—t)).
i=1
Of interest is the distribution or characteristic
function for oft).

We assume the S, are identically and indepen-
dently distributed positive random variables
with density H(x) and characteristic function:

w(s) = f “ e H(x) dx.

o

Letting A be the intensity parameter for the
Poisson arrival process, a lengthy calculation
gives the characteristic function for oft) as:

@dw) = exp — {.\ fl [1— ¢ (we™ )] dv } .

We have chosen H(x) to be an exponential
distribution so that:

w(s)=(1—ihs) "L
Substituting this in the expression above gives:
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We now assume that the flow of information
today follows the stationary distribution for the

above process, or:
@(w) = lim @ (w) = (1 = ihw) “he

f— =

The above expression is the characteristic func-
tion for the distribution of the level of informa-
tion. By differentiating ¥{w), we find the first
two moments of the distribution as:

Ah
E(g)=—,
(4 4

Ah?
E(e?) = ——(i + 1).
a o

It should be noted that A and « are insepara-
ble in the moments, so some equation other
than that of the moments is required to solve for
them explicitly. One possibility is to notice that
oft) can be calculated regressively as:

ot + At = e " *Mg(t) + C+ my,

where 1, has mean zero and C is a constant. A
straightforward regression will now evaluate a.
An alternative specification of the process is to
relate information to the variance of returns
rather than the standard deviation of returns.
This has the advantage of relating the informa-
tion measure directly to time, rather than to the
square root of time. Such a specification would
be analyzed in a manner analogous to that
described above.
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