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INTRODUCTION

The desire to forecast volatility of financial markets has motivated a laxge
body of research during the past decade (Engle and Rothschild 1992).
Volatility is a measure of price movement often used to ascertain risk.
Relationships between volatility and numerous other varjables have been
. studied in an attempt to understand the underlying process so that accurate
. predictions can be made. The ability to accurately forecast volatility gives
the trader a significant advantage in determining options premiums,

~ Both researchers and traders use two estimates of option volatility:
the historical volatility and the implied volatility. It is almost routinely
‘reported in various publications of exchanges that these two series differ,
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technique has become the standard method of estimating volatility at
the moment of trading

NEURAL NETWORKS FOR PREDICTION

While there are dozens of network paradigms, the back-propagation net-
work has frequently been applied to dlassification, prediction, and pat-
tern-recognition problems. Financial applications of neural networks
include underwriting (Collins, Ghosh, and Scofield 1988), bond rating
(Dutta and Shekhar 1988), predicting thrift institution faiture (Salchen-
berger, Cinar, and Lash 1992), and estimating option prices (Malliaris and
Salchenberger 1993). The term back-propagation technically refers to the
method used to train the network, although it is commonly used to char-
acterize the network architecture. For details of this method, see Rumelhart
and McClefland (1986). Currently, a number of variations on this method
exist that overcome some of its limitations.

DATA AND METHODOLOGY

Data have been collected for the most successful options market: the S&P
100 (OEX), traded at the Chicago Board Options Exchange. Daily closing
call and put prices and the associated exercise prices closest to at-the-
month, S&P 100 Index prices, call volume, put volume, call open interest,
and put open interest were collected from The Wall Street Journal for
calendar year 1992. '

Three estimates for the historical volatilities using Index price
samples of sizes 30, 45, and 60 were computed for each trading day
in 1992. We also used the Black-Scholes model to calculate implied
volatilities for the closest at-the-money call for three contracts: those
expiring in the current'month, those expiring one month away, and
those expiring two months away (nearby, middle, and distant, re-
spectively). Thus, we have approximately 250 observations for six se-
ries of volatilities for use in our-study. -

Comparisons were made between the nearby historical, implied, and
network volatility estimates. Because the neural network must have suf-
ficient previous data in order to generalize, these estimates were developed
using each method for June 22 through December 30, 1992. Trading cycles
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were used as the prediction periods, with each trading cycle ending on
the third Friday of the month.

A COMPARISON OF HISTORICAL AND IMPLIED
VOLATILITY ESTIMATES

The historical and implied volatility for the nearby contract are graphed
together in Figure 32.1 for June 22 through December 30, 1992. As can
‘be observed, the historical estimate significantly underestimates the vola-
tility used by most traders, thatis, the implied volatility. Since the historical
volatility is an average based on returns from 30 preceding days, it is
not surprising that the estimate smoothes out the peaks, giving a value
for each day that is less variable and thus less sensitive to daily market
fluctuations. The implied volatility for any given day uses only trading
information from that day, not a previous time period, to generate a value.
Thus, the implied volatility is more reflective of market changes.

Figure 32.1
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The average MAD (mean absolute deviation) and MSE (mean squared
error) for the entire forecasting period, from June 22 through December
30 were 0.0331 and 0.0016. The proportion of times the historical volatility
correctly predicted that the implied volatility woudd increase or decrease
are. shown in the last column of Table 32.1. An overall average of the
number of times a change was correctly indicated is .4439, that is, a little

less than half of the time.

DEVELdPMENT OF THE NEURAL NETWORKS

fo develop a neural network that is capable of generalizing a relationship
between inputs and outputs, the training set selected must contain a suf-
ficient number of examples that are representative of the process being
modeled. Therefore, the neural network models developed to predict vola-
tility were trained with data sets from historical data from January 1
through July 18 and used to make predictions for six frading cycles be-
ginning with the period July 20 through August 21 and ending with the
period November 23 through December 31. All prior historical data was
used when predicting the volatility for the next trading period. Predicting
the volatility for the next cycle is a rather rigorous test of the forecasting
capabilities of the network since we are asking it to predict volatility for
up to 30 days in the future,

There is no well-defined theory to assist with the selection of input
variables, and, generally, one of two heuristic methods is employed. One

Table 32.1
A Comparison of Historical and Implied Volatilities

Dates of Forecast ‘MAD MSE Correct Dirgctions
June 22-Jul 19 0318 0012 819 = 421
July 20-Aug 21 0292 0019 11/25 = 440
Aug 24-Sep 18 0406 .0018 12118 = 667
Sep 21-Oct 16 0479 0027 7/20 = 350
Oct 19-Nov 20 0213 .0008 14/25 = 560
Nov 23-Dec 18 0334 0014 8/18 = 444
Dec 21-Dec 30 0294 .0009 2/6 = .333
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approach is to include all the variables in the network and perform an
analysis of the connection weights or a sensitivity analysis to determine
which may be eliminated without reducing predictive accuracy. An al-
ternative is to begin with a small number of variables and add to new
variables that improve network performance. In this research, the latter
was used, and variables were selected using existing financial theory, sen-
sitivity analysis, and correlation analysis. Thus, a number of preliminary
models were developed to determine which input variables of the group
available in the data set would best predict volatility.

The first models were developed with variables representing volatility
lagged from three to seven periods to determine an appropriate set of
lag variables. Next, other networks were developed and trained to de-
termine which variables were the best predictors of volatility. The final
models include the following 13 variables: change in closing price, days
to expiration, change in open put volume, the sum of the at-the-money
strike price and market price of the option for both calls and puts for
the current trading period and the next trading period, daily closing vola-
tility for the current period, daily closing volatility for next trading period,
and four lagged volatility variables. By including both the time-dependent
path of volatility and related contemporaneous variables in our model,
we obtained better predictions.

The back-propagation network developed to predict volatility has 13
input nodes representing the independent variables used for prediction,
one middle layer consisting of 9 middle nodes, and an output node rep-
resenting the volatility. The cumulative delta rule for training was selected,
with an epoch size of 16, a decreasing learning rate initially set at 0.9,
and an increasing momentumn, initially set at 0.2. The networks were
trained using Neuralworks Professional TI software from Neuralware.

A COMPARISON OF THE NEURAL NETWORK AND
IMPLIED VOLATILITY ESTIMIATES

Using historical volatility as a benchmark, we evaluated the performance
of the neural network by measuring mean absolute deviation, mean
squared error, and the number of times the direction of the volatility (up
or down) was corrected predicted. These results are shown in Figure 32.2
and Table 32.2, where comparisons are made between the volatility fore-
casted by the network and tomorrow’s implied volatility. The overalt MAD
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| Table 32.2
I Neural Network and Implied Volatilities
- Dates of Forecast MAD MSE  Correct Directions

Jun 22-Jul 19 0148 .0003 16/19 = .842
July 20-Aug 21 0107 .0002 16/25 = .640
Aug 24-Sep 18 .0056 .0001 13/18 = .722
Sep 21-Oct 16 0127 .0003 19/20 = 950
Oct 19-Nov 20 0059 .0001 20/25 = 800
Nov 23-Dec 18 .0068 ".0001 15/18 = .833
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[ Figure 32.2
f Network and Implied Volatilities

June 22 through December 30, 1992

Dec 21—Dec 30 - .0039 .0000 5/6 = .833

for the entire period was. 0116, and the MSE was .0001 as compared
to 0.0331 and 0.0016, when the historical was compared to the implied
volatility. Furthermore, for each forecasting period, the MAD and MSE
were considerably lower (see Tables 32.1 and 32.2). In each of the time
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periods, the proportion of correct predictions of direction made by the
neural network was greater than that of historical volatility. The overall
proportion of correct direction predictions was 0.794, as compared to 4439
for the historical volatility estimate. This is not surprising since historical
volatility smoothes out the estimate because it is an average of 30 values.
The correlation between the implied volatility and the volatility predicted
by the network is 0.85, as compared with 0.31 for the historical volatility,

at the 5 percent level of significance.

DISCUSSION

The results of this comparative stucy of neural networks and conventional
methods for forecasting volatility are encouraging. Because historical es-
timates are traditionally poor predictors, traders have been forced fo rely
on formulas such as Black-Scholes, which can be solved implicitly for
the real-time volatility. But these models are difficult to use and lmited
since they can only provide estimates that are valid at that current time.
Furthermore, they fail to incorporate knowledge of the history of volatility.
The neural network model, on the other hand, employs both short-term
historical data and contemporaneous variables to forecast future implied
volatility.

The neural network approach has two advantages that make it more
useable as a forécasting tool. First, predictions can be made for a full
trading cycle, thus avoiding the problems associated with the need for
real-time calculations. Second, and more importantly, the network fore-
casts, in the cases we tested, were very accurate estimates of the volatility
preferred by traders.

_ The limitations of neural networks as financial modeling tools are
well documented. Unlike the more familiar analytical models, a trained
neural network does not provide information about the underlying model
shructure. It is often viewed as a black box since there are no theory-based
methods available to interpret and analyze network pavameters. Neural
networks lack systematic procedures for developing network architecture,
selecting training and testing sets, and setting network parameters and
fhus are difficult to develop. Explicit knowledge of the phenomenon being
predicted is required to assist in variable selection.

There are several ways to extend this research. While the performance
of these networks in forecasting volatility is superior to the use of historical
volatility, improvement may be possible through experimentation with
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other variables and network architectures. In this chapter, we report results
for predicting nearby volatility. However, networks for predicting middle
and distant volatility have been developed, using different variables and

different network architectures.
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