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Abstract
The implied volatility from Black and Scholes (1973) model has been empirically tested for the
forecasting performance of future volatility and commonly shown to be biased. Based on the belief that
the implied volatility from option prices is the best estimate of future volatility, this study tries to find
out a better model, which can derive the implied volatility from option prices, to overcome the
forecasting bias from Black and Scholes (1973) model. Heston (1993)'s model which improves on the
problems of Black and Scholes (1973) model the most for pricing and hedging options is one candidate,
and VIX which is the expected risk neutral value of realized volatility under the discrete version is the
other. This study conducts a comparative analysis on the implied volatility from Black and Scholes
(1973) model, that from Heston (1993)'s model, and VIX for the forecasting performance of future
volatility. From the empirical analysis on KOSPI200 option market, it is found that Heston (1993)’s
implied volatility eliminates the bias mostly which Black and Scholes (1973) implied volatility has. VIX,

on the other hand, does not show any improvement for the forecasting performance.
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1 Introduction

Under the stochastic volatility assumption, Hull and White (1987) showed that Black and Scholes
(1973) (henceforth BS) implied volatility from option price is considered the best estimate of future
volatility. Upon such theoretical background, there have been numerous empirical studies on whether
implied volatility can efficiently forecast the future realized volatility. The early study by Latane and
Rendleman(1976) showed that stocks with high implied volatility had high ex-post realized volatility
through the analysis on stock option cross-section data. Time series analysis conducted in the later
studies offer a contrary view on the forecasting performance of the implied volatility. Day and Lewis
(1992), Lamoureux and Lastrapes (1993), Jorion (1995), and Fleming (1998) commonly show that
BS implied volatility is the biased estimator of the future realized volatility.

A question can arise whether deriving the implied volatility from option prices using BS model is
correct even if an option price is believed to reflect the market expectation of the future volatility. As
inferred from the famous phenomenon, volatility smile, it is generally accepted that BS model fails to
explain the option market correctly. To overcome this empirical deficiency, many models which make
the assumptions of BS model flexible have developed. There are alternative models based on the
assumptions of stochastic volatility, stochastic interest rate, and jumps. Bakshi, Cao, and Chen
(1997, 2000) show that the stochastic volatility model improves on the problems of BS model the
most. Thus, this study tests the forecasting performance of future volatility through a stochastic
volatility model. Among various stochastic models, we choose Heston (1993)’s model not only
because it follows the continuous time stochastic volatility model which, Kim and Kim (2005)
proves, is the best in pricing and hedging efficiency but also because it takes into account the
correlation between the volatility and the return of the underlying asset and provides the closed
form solution.

In the empirical analysis on the forecasting performance of future volatility, we fill the gap that
is not resolved in previous researches. First, this is the first study which shows the forecasting
performance of future volatility through Heston (1993)’s model whose unobservable parameters
are estimated by only option prices. Even if there is an existing study, Poteshman (2000), which
uses the stochastic volatility model in forecasting performance of future volatility, Poteshman
(2000) uses the past time-series data of the underlying asset in estimating some of the
unobservable parameters of Heston (1993)’'s model. Furthermore, Poteshman (2000) assumes
that these structural parameters are constant during the whole sample period. On the contrary,
all parameters estimated by our method are considered as time varying variables whose values
are determined by option prices at observation date. According to Bates (1991), time varying
parameters are more valuable than constant parameters not only because the time varying

parameters can reflect the market sentiment when those are estimated but also because this time



varying parameters can offer the future specification of complex dynamic models.

Second, this study investigates KOSPI200 options market for the forecasting performance of
future volatility. KOSPI200 options market, the biggest stock index options market in the world,
is a quite adequate one for an empirical research because of its huge liquidity. As Figlewski
(1997) implies, to choose an option market which is as liquid as possible is very important,
otherwise the mispriced options from an illiquid market might lead to the forecasting bias of
the implied volatility on future realized volatility. According to Futures Industry Association,
KOSPI200 option contracts occupy, on average, more than a fifth of world wide trading
volumes since 2000. Therefore, it is less likely happened in this study that the noise from a
friction market distorts the result on forecasting performance of future volatility because the
data employed in this analysis is on KOSPI200 options market during the period from January
2000 to June 2007.

Finally, this study also includes VIX as one of the comparative implied volatilities in forecasting
performance of future volatility. First published in 1993, VIX has been considered a popular
measure of risk in stock index option market. Because VIX is defined as the expected risk
neutral value of realized volatility under the discrete version, its performance on future realized
volatility has drawn interest. Even if some studies, such as Corrado and Miller (2005) and
Fleming, Ostdiek, and Whaley (1995), show the superiority of VIX over historical volatility in
forecasting performance of future realized volatility, there has been no comparison between
VIX and any other implied volatility. This study initially shows the comparison results on
forecasting performance of VIX against other implied volatilities on future volatility.

The main finding from this study is that the implied volatility from the stochastic volatility
model is superior to other implied volatilities as well as the historical volatility in forecasting
performance of future volatility. It even eliminates the bias mostly which BS implied volatility
has. VIX, on the other hand, does not show any improvement over BS implied volatility in this
empirical analysis.

The remainder of this study is organized in the following way. Section 2 exhibits the models
which are used in this study. The process of deriving the Heston (1993)’s model and VIX is
presented, followed by the method of estimating realized volatility. Section 3 explains the
KOSPI200 option market and the data used in this study. It presents the basic statistical
analyses of realized volatility, historical volatility, BS implied volatility, Heston (1993)’s implied
volatility and VIX on monthly basis for the final analysis. Section 4 is to show the relationship
between realized and implied volatilities. First, econometric analysis model to determine the
forecasting ability of realized volatility is explained. Next, the forecasting results of future
realized volatility, which this study ultimately aims to show, by using not only implied

volatilities but also historical volatilities are presented through a variety of econometric analysis



techniques. Section 5 is the conclusion which summaries this study and presents the future

research areas.

2 Volatility Model

2.1 Stochastic Volatility Model

Stochastic volatility models are largely divided into two types, continuous time stochastic
models and discrete time stochastic models. Whereas Hull and White(1987), Johnson and
Shanno(1987), Scott(1987), Wiggins(1987), Melino and Turnbull (1990), Stein and Stein(1991),
and Heston (1993) belong to the former, Duan(1995) and Heston and Nandi(2000) belong to the
latter. Among several stochastic volatility models, this study uses Heston (1993)’s model in the
following reasons. First, it belongs to continuous time stochastic models which are proven to be
better than discrete time stochastic models by Bakshi, Cao, and Chen (1997, 2000) and Kim and
Kim (2005). Next, Heston (1993)’s model can provide the closed form solution and take into
account the correlation between the volatility and the return of the underlying asset.! Stochastic

process of stock price and volatility which is assumed in Heston (1993)’s model is as below.

dS = 2Sdt + /v, SAW )
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where, S is a stock value, p is the return on the stock, W is a Wiener process, Ws and WV have a
correlation of p, v, is an instantaneous variance at time t, x is the speed parameter
reverting to the long term average, €, and o is the volatility of volatility. Using the Fourier
transform under the assumption of the stochastic process described above, the option pricing

model follows below.

C=SP-Ke P, 3)

' The existing empirical studies showed the negative correlation between the volatility and the
return of the underlying asset, risk neutral distribution with negative skewness and the low
strike price which has large volatility, called volatility sneer. This is consistent with the leverage
effect documented by Black (1976) and Christie (1982). The negative correlation phenomenon
can be explained that falling stock prices will bring about relatively higher debt equity ratio,
which in turn will have a leverage effect on the enterprise, which makes the volatility of the
earnings per share greater, which eventually has the effect of amplifying the stock price
volatility.
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where, C is a call option, K is the exercise price of the call option, r is risk-free interest rate, t is

time to maturity, Re[-]is the real number part of a complex number, i is the imaginary number,
NEV (X, v, T;¢) = exp(A(r; ¢)+ B(T; ¢)V + i¢X), x=In(S), and A(-) and B(-) are functions of 0,

K, p, and o.

What to do next is to estimate structural parameters which are not observable. This study uses
the same estimation methods as the standard practices which were applied by Bakshi, Cao, and
Chen (1997, 2000) and Bates (1991, 2000). If there is a closed form solution in the option pricing
model, then the starting point of estimating the parameters in the pricing formula is non-linear
least squares procedure. This is a method of estimating the parameters by minimizing the sum
of squared percentage errors of the difference between the model price and the actual price.
Even if the parameters can be estimated from the historical returns of asset, this method is
limited in that the historical data only reflect the past. A major advantage of estimating the
parameters from the option prices is that the method can take advantage of forward looking
information contained in option prices. In the case of Heston (1993)’s model, we estimate the
parameters by minimizing the sum of squared percentage errors of the difference between the

model price and the actual price as in the following equation.

(t=1---,T) (5)
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is the model price of option i at time t, and is the market price of

option i, at time t. N is the number of options at time t, and T is the number of days in the

sample.

2.2 VIX

VIX means volatility index which represents the expected volatility of the returns from equity
index options for thirty days which is valued as of today. Since 1993 when CBOE (Chicago
Board Options Exchange) began public disclosure of VIX, it has been widely used by investors

not only as a barometer of market volatility sentiment but also as the underlying asset of



volatility products. At September 22 2003, new VIX was released to make up some distortions
which previous one had. Compared with previous VIX which is derived from only at the
money (thereafter ATM) option prices, new VIX is calculated through all available out of the
money (thereafter OTM) option prices. Since more information from more options is reflected,
new VIX shows a more robust result. Therefore, new VIX is adopted in this study.

VIX, which is the expected risk neutral value of realized volatility under the discrete version,
can be derived in the following way. First, the forward index level which is to be used in the

calculation of VIX has to be set.
F= KATM +e'’ ‘(CATM - PATM) (6)

where, Katy is the exercise price at which the difference between call option price and put
option price is the smallest, Catm and Patwm are the call and put option prices respectively which
are correspondent to Karw, 1 is a risk free rate, and 1 is the time left to the option expiration in
terms of year.

Second, the strike price just below the forward index level is defined as the strike price (Ko) of
the ATM option and is used in the calculation of VIX. When calculating VIX, all available OTM
calls and puts are used because OTM options take up most of the trading volume, and become
in the money (thereafter ITM) option as the value of the option increases. The option price at Ko
is the average of price of call and put, and call is selected at a higher price than Ko, and put is

selected at a price lower than Ko. Finally, VIX is calculated using the equation below.
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where, F is the forward index level, K; is i-th exercise price of OTM option which is call when K;
is greater than F and is put when K; is smaller than F, m is the number of exercise prices, AK; is
(Ki+1- Ki1)/2 when i is between 2 and m-1, AK; is (K- K1) when i is 1, AKj is (K- K1) when i is
m, Ko is the biggest exercise price below F, r is the risk free rate, 7 is the time left to the option
expiration, and Q(Kj) is the transacted option price with the exercise price, K.
Because VIX is the 30days volatility, the interpolation of the volatility of the nearest contract
whose maturity is less than 30 days and the volatility of the second nearest contract whose
maturity is more than 30 days is applied, when the time to maturity of the option is not exactly
30 days. However, interpolation is unnecessary in this study because it only examines option

whose time to maturity is 30 days, which is consistent with the maturity VIXis targeting.



2.3 Realized Volatility

In the case of the existing estimation method of volatility using daily price, the volatility
estimation can be distorted because not all price changes are reflected during a certain time
frame. For example, the real volatility can be underestimated in the case in which the intra-day
price fluctuation is great or the difference among the closing price is not extreme. By using high
frequency data, one can reduce the estimation error when estimating volatility. Poteshman
(2000) showed that about one-half of the forecasting bias can be eliminated in estimating
realized volatility using the high frequency data of 5 minute intervals instead of the existing
daily data. This result is supported by studies by Anderson, Bollerslew, Diebold, and Labys
(2003) and Pong, Shackleton, Taylor, and Shu (2003). According to the studies, high-frequency
volatility has greater forecasting strengths compared to low frequency volatility not only in the
short-term, but also in the long term since it contains more data. Anderson, Bollerslev, Deiebold,
and Ebens (2001) and Anderson, Bollerslev, and Diebold(2002) present that, as the sampling
frequency of the underlying returns approaches infinitely, volatility estimates are, in theory,
free from measurement error. Upon the arguments above, this study estimates both realized
volatility and historical volatility by using the five minutes interval data which contains more
information than daily data to estimate the future realized volatility. The volatility estimation is

described as below.

11 &[, (s ’
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where, A is the time interval between i and i+1 measured in years, L is the number of stock price

data, S; is the stock price at time i.

3 Data

KOSPI200 option market in Korea is analyzed for testing forecasting performance for future
volatility of the implied volatilities. KOSPI200 option market is appropriate for this analysis
because it is the biggest equity option market in the world in terms of trading volume, as a
result, option prices can be efficiently determined. The maturity date of KOSPI200 option is the
second Thursday of the option contract month, and option contract months are consecutive
three months and one more month from March, June, September, and December. There are at

least five exercise prices per each option contract month, which can be increased as option



prices move. KOSPI200 option contract is fully automated and is European option which can be
exercised only at maturity. Because the liquidity of the option is concentrated on the nearest
contract and one of comparative volatilities in this study, VIX, means the volatility which is
expired in 30 days, this study selected options whose maturities are left 30 days every month.
OTM calls and puts are used for calculating BS implied volatility, Heston (1993)’s implied
volatility, and VIX. ITM options are excluded because their trading volume is very small, as a
result, the reliability of the transacted price is not fully satisfied. Data period is from January
10th 2000 to June 11th 2007 and minute by minute transaction prices of KOSPI200 option on the
day in which there are 30 days until maturity is obtained from Korea Stock Exchange. Because
there is no significant benchmark rate for 30 days in Korea, 91days CD(certificate deposit) rate,
which is the representative short rate in Korea, is used for a risk free rate. To filter data which is
necessary for empirical analysis, the following principals are applied. The last trading price
prior to PM2:502 of each option contract on every sample day is applied to the empirical
analysis. The last transacted option is only included in the sample if the same options are traded
several times during any time window. To mitigate the price discreteness effect in the option
valuation, the options whose prices are lower than 0.02 are excluded. Finally, the prices which
do not meet arbitrage restriction are not included.

Anderson, Bollerslev, and Diebold (2002) mentioned that the estimation error can be reduced
through using high frequency data for estimating volatility because existing method for
estimating volatility, which is based on daily price, can distort it because all price movement
information during the estimation period can not be reflected. Poteshman (2000) compared the
estimation result from using daily prices with that from using five minutes interval prices in
estimating realized volatility. In his study, estimation error is reduced, as a result, forecasting
performance of implied volatility is improved when realized volatility is estimated from five-
minutes high frequency data. Therefore, this study estimates both realized volatility and
historical volatility through five minutes high frequency data of KOSPI200 index. Five minutes
interval KOSPI200 index data is obtained from Korea Stock Exchange. Because historical
volatility is estimated from the historical data which is preceding to the date when implied
volatility is calculated, and realized volatility is estimated from ex-post data which is following
the date when implied volatility is calculated, data period for KOSPI200 index, which is from
January 10th 1999 to July 12th 2007, is longer than that for KOSPI200 option.

Table 1 is the descriptive statistics for monthly realized volatility, historical volatility, BS
implied volatility, Heston (1993)’s implied volatility, and VIX. In addition, correlation matrix of

these volatilities is shown in Table 2. Realized volatilities are estimated by five minutes interval

° There are simultaneous bids and offers from PM2:50 in the Korean stock market. Therefore, it
is appropriate to use both KOSPI200 index and KOSPI200 option data prior to PM2:50.



KOSPI200 index data from the market open price of the next day of 30 days left to option
maturity to the market close price of the option expiration date. 30days historical volatilities are
estimated by five minutes interval KOSPI200 index data from 2:50PM price of the option price
observed date to 2:50PM price of 30 days ago. If that day is a holiday, one business day prior to
that day is applied. 60days, 90days, 180days, and 365days historical volatilities are estimated as
the same way. Implied volatilities are estimated by option prices, which meet the filtering
principals, of 30 days left to option maturity. From January 2000 to June 2007, 90 monthly data
are estimated for realized volatility, historical volatility, BS implied volatility, Heston (1993)’s
implied volatility, and VIX respectively. Average numbers of realized volatility or historical
volatility which is derived from actual KOSPI200 index data are ranged from 0.2667 to 0.2983.
Among implied volatilities derived from option prices, the average numbers of BS implied
volatilities and Heston (1993)’s implied volatilities are within the range of average values from
realized volatility or historical volatility. On the other hand, the average value of VIX, 0.3123, is
higher than the upper range. However, considering Max, Min values, all implied volatilities
estimated by option prices are within the volatilities derived from actual KOSPI200 index
values. Because KOSPI200 option market in Korea is very liquid, as a result, the price
discrepancy is tiny, the implied volatilities from option prices are not remote from the actual
volatilities. Figure 1 shows the movements of all volatilities presented in this study, especially,
realized volatility is depicted as a bold line. To avoid the complexity of this figure, only 30days
historical volatility is included as a representative of historical volatilities. As shown in Figure 1,
movements of all volatilities are similar, so we can guess that realized volatility can be
forecasted by any volatility predictor in a sense.

Unit root test result is present in the most right column of Table 1. All volatilities but 365days
historical volatility are rejected unit root under the 5% significance level. Even 365days
volatility can be rejected unit root when the significance level is increased to 10%. Therefore, all
volatilities which are analyzed in the empirical test can be used as levels not differences in their

time series data.

4 The relationship between implied and realized volatility

4.1 Econometric analysis model
Most studies on verification of forecasting effectiveness of future volatility using the implied
volatility of options use the two regression equations below. This study also uses the two

equations for consistency in comparison with existing studies.
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where og(t) is the annualized ex-post realized volatility of the underlying asset at time t during
the period between time t and the option expiration date, oi(t) is the annualized implied
volatility derived from option prices at time t, on(t) is the annualized ex-post historical volatility
of the underlying asset at time t during the period between past certain point and time t, and
g(t) is the forecasting error which is uncorrelated with the independent variables.

If the value of B is statistically significantly positive in Equation (9), it means that the implied
volatility derived from option prices is informative about future volatility. However, in order
for the implied volatility to be an unbiased estimator, the joint condition, a=0, =1, has to be
held simultaneously. Otherwise, the implied volatility might contain the information of future
volatility insufficiently. Equation (10) tests the informational efficiency in the option market. If
the value of y is significantly different from zero, it means that the implied volatility is
informationally inefficient estimator of future volatility. If the implied volatility contains all
information about past volatility, the implied volatility has to be an unbiased estimator even if
historical volatility is added. In other words, the condition, a=0, =1, y=0, has to be held at the
same time. It means that option prices contain even the information which historical volatility

has.

4.2 Unbiasedness Tests

Table 3 is the regression result which shows the forecasting performances of BS implied
volatility, Heston (1993)’s implied volatility, and VIX for the future realized volatility. In order
to accept that the implied volatility is the unbiased estimator of the realized volatility, the
condition, a=0, p=1, has to be satisfied at the same time. Day and Lewis(1992) showed that by
analyzing the relationship between implied volatility and realized volatility based on daily data of US
S&P100 index option of 1980s, the effectiveness of forecasting ex-post realized volatility through implied
volatility was biased and inefficient. Especially, Canina and Figlewski(1993) conclude that there is no
correlation between implied volatility and realized volatility. On the other hand, Jorion(1995) stated that
the results of a study on FX forward options of CBOE which is expected not to have a great
measurement error due to very brisk trading and the simultaneous closing of the underlying asset and
option show that implied volatility was a better tool in forecasting the future realized volatility than
historical volatility or GARCH but it is biased. Also Fleming(1998), after analysis on the S&P100 index
option market, concludes that implied volatility has meaningful information about realized volatility
but it was also biased. This study, which analyzed the forecasting performance of the implied

volatility in KOSPI 200 option market, is consistent with the previous researches in that BS



implied volatility is informative but biased.

On the other hand, Heston (1993)’s implied volatility is superior to BS implied volatility in
terms of the forecasting performance of future realized volatility. Further to the superiority to
BS implied volatility, Heston (1993)’s implied volatility was proven to be an unbiased estimator
of the future realized volatility through the F statistics result that joint hypothesis, a=0, p=1, is
not rejected. This result is consistent with that of Poteshman(2000) which shows that Heston
(1993)’s implied volatility forecasts realized volatility better than BS implied volatility. However,
since our parameter estimation method for Heston(1993)'s model is different from that of
Poteshman(2000), the same result as Poteshman(2000) is not guaranteed. Besides the fact that
our parameters estimation of the Heston (1993)’s model using only the option prices is the same
as the recent studies by Bakshi, Cao, and Chen (1997, 2000), it is also in line with the intentions
of this study to observe the bias of the model which the implied volatility is based on under the
assumption that option prices are correct.

On the other hand, this study adopted VIX, which is a popular volatility index in a market, to
check the forecasting performance of the future realized volatility. VIX follows more non-
parametric approach to derive the volatility from option prices than BS implied volatility
though the assumption that the underlying asset follows the log normal process is the same.
Previous researches showed that both BS implied volatility and VIX are superior to historical
volatility in terms of the forecasting performance of the future realized volatility. According to
the empirical result of this study, VIX is the biased estimator of the future volatility as BS
implied volatility is. Even if VIX is less biased than BS implied volatility in that both t statistics
of a=0 and p=1 respectively from VIX are lower than those from BS implied volatility, R? result
of BS implied volatility is superior to that of VIX. Therefore, this study concludes the mixed
result for the comparison of the forecasting performance between BS implied volatility and VIX.
In the end, the result of Table 3 indicates that Heston (1993)’s implied volatility is the best for
the forecasting performance of the realized volatility.

Table 4 is the regression result which shows the forecasting performances of historical
volatilities for the future realized volatility. As time period for estimating historical volatility
increases, the forecasting performance is shown to be better. This fact implies that the
information in the past data within one year is meaningful for the forecast on future volatility.
Especially, when 180days or 365days historical volatility is applied, the forecasting performance
of historical volatility is not worse than that of BS implied volatility or VIX. These results look
inconsistent with those from previous studies which mostly showed the superiority of BS
implied volatility or VIX against historical volatility in the forecasting performance of future
volatility. One of the reasons which lead to improved results of historical volatility can be

attributed to the volatility measurement through high frequency data. However, our results do
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not deny the previous findings from other markets because implied volatilities are shown to
play more important role than historical volatilities in the forecast of future volatility when an
implied volatility and a historical volatility are used at the same time as independent variables.

These results are presented from Table 5 through Table 7.

4.3 Informational Efficiency Tests

Table 5 is the regression result of the future realized volatility on both BS implied volatility and
historical volatility. For estimating historical volatility, 5 time periods of data, which are 30 days,
60 days, 90 days, 180 days, and 365 days, are applied. Each historical data is estimated from the
5 minutes interval data of each time period. Table 5 presents that as the estimation period of
historical volatility is longer, historical volatility tends to be more significant for forecasting the
realized volatility. Whereas B is 0.6099 and vy is 0.2245 when 30 days historical volatility is
applied, B decreases to 0.5047 and y increases to 0.4259 when 365 days historical volatility is
applied. The fact® that the coefficient of historical volatility, y, is not statistically zero means
that option prices are informationally inefficient for forecasting future volatility. Table 6 is the
regression result of the future realized volatility on both Heston (1993)’s implied volatility and
historical volatility. The fact shown in Table 6 is that the addition of new independent variable,
historical volatility, is also significant for the forecasting performance of the future volatility.
Even if the F statistics in Table 3 does not reject the unbiasedness of Heston (1993)’s implied
volatility, the F statistics in Table 6 rejects the informational efficiency of Heston (1993)’s
implied volatility. In other words, Heston (1993)’s implied volatility is informationally
inefficient for forecasting future volatility in spite of the fact that it is the unbiased estimator of
future volatility. Like the result presented in Table 5, historical volatility plays more important
role as the estimation period of historical volatility is longer. Whereas B is 0.7458 and y is 0.2545
when 30 days historical volatility is applied, B decreases to 0.7068 and vy increases to 0.3754
when 365 days historical volatility is applied. Table 7 is the regression result of the future
realized volatility on both VIX and historical volatility. Like the results presented in Table 5 and
Table 6, the longer period historical volatility is estimated, the more significantly the historical
volatility influences on forecasting future volatility. Especially, the coefficient of historical
volatility is bigger than that of VIX when 180 days historical volatility or 365 days historical
volatility is applied. This fact can be interpreted that VIX is inferior to BS implied volatility in
terms of the informational efficiency for the forecast of future volatility. To sum up, there are
mainly two findings when an implied volatility and a historical volatility are applied as

independent variables for the regression of future volatility. First, implied volatility from option

® However, it can be interpreted that the model which derives the implied volatility from
option prices is not appropriate.
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prices is informationally inefficient no matter what implied volatility is applied. In other words,
option prices can not contain full information which past data of underlying asset has. Next, the
importance of historical volatility is bigger as the estimation period of historical volatility is

longer. This phenomenon is consistent with that shown in Table 4.

4.4 Relative Strength Tests

Table 8 is the regression result of future realized volatility when two independent variables are
selected from BS implied volatility, Heston (1993)’s implied volatility, and VIX. In this result,
the superiority of Heston (1993)’s implied volatility for the forecasting performance of future
realized volatility is proven directly, compared with BS implied volatility and VIX. When
Heston (1993)’s implied volatility and BS implied volatility are used at the same time, the
coefficient of Heston (1993)’s implied volatility is 0.7342, which is much greater than that of BS
implied volatility, 0.2706. On the other hand, when Heston (1993)’s implied volatility and VIX
are used in the same regression, the coefficient of Heston (1993)’s implied volatility, 0.7147, is
much larger than that of VIX, 0.3142. One interesting result is observed when the results of
Table 6 and Table 8 are compared. Whereas the R? in Table 6 is more than 0.75 when Heston
(1993)’s implied volatility and a historical volatility whose estimation period is either 180 days
or 365 days are applied, the R? in Table 8 is less than 0.75 when Heston (1993)’s implied
volatility and one of the other two implied volatility are applied. This comparison implies that
what Heston (1993)’s implied volatility is short of can be complemented more by historical
volatility than other implied volatility. It can be inferred from the correlation matrix of
volatilities presented in Table 2.

On the other hand, the superiority can not be determined between BS implied volatility and VIX
because the coefficients of both variables are 0.4559 and 0.4174, respectively when these two are
applied as independent variables. This is supported by the F statistics for testing the hypothesis
that p=y. The p-value from F statistics when two independent variables are BS implied volatility
and VIX is 0.8418, which strongly support that BS implied volatility and VIX can’t beat each

other in the forecasting contribution for future volatility.

5 Conclusion

Previously, most efforts to check the forecasting performance of future realized volatility were

concentrated on BS implied volatility. It is an empirically proven common result that BS

implied volatility is a biased estimator for the future realized volatility even if it is generally

better than historical volatility or GARCH in terms of forecasting performance. Under the
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assumption that option prices are unbiased, we wanted to find out a better model to derive
implied volatility from option prices. For the alternatives, Heston (1993)’s model was selected
because it improved on the problems of BS model the most for pricing and hedging options, so
was expected to reduce the forecasting bias BS model has as well. On the other hand, this study
selected VIX as a comparative model for testing forecasting performance of future volatility
because VIX is currently paid attention to not only from practical aspect but also from academic
area. In addition, because VIX is, by definition, the expected risk neutral value of realized
volatility under the discrete version, it is expected to be a good forecaster of future realized
volatility.

This study tried first to compare the forecasting performance of VIX with that of BS implied
volatility and Heston (1993)’s implied volatility. This is an interesting trial because no body
touches this comparison before regardless of the fact that the forecasting performance of VIX
was proven to be superior to that of historical volatility in some previous researches such as
Corrado and Miller (2005) and Fleming, Ostdiek, and Whaley (1995).

The main finding in this empirical study is that the Heston (1993)’s implied volatility is the best
estimator of future realized volatility among three volatilities analyzed in this study. In
particular, Heston (1993)’s implied volatility was shown to be a statistically unbiased estimator
of future volatility. This result is very significant because option prices may not be biased for
forecasting future volatility if an appropriate model is applied. However, VIX was not shown to
improve the bias which BS implied volatility has. This result can be inferred that two volatilities
with the same assumption of the underlying asset movement can’t beat each other significantly
even if the deriving procedure from option prices to volatility is different. In this aspect, to
make the assumptions flexible in Heston (1993)’s model, such as non-zero market price of
volatility risk and non-zero correlation between innovations to the level and volatility of the
underlying asset, is the meaningful effort to improve the empirical deficiency which BS model
has. However, the fact that Heston (1993)’s implied volatility was shown to be informatively
inefficient when historical volatility was added as another independent variable is what we

have to study further in the future.
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Table 1 Descriptive Statistics. Descriptive Statistics for 90 monthly estimated realized
volatility(RV), 30days historical volatility(30D HV), 60days historical volatility(60D HV), 90days
historical volatility(90D HV), 180days historical volatility(180D HYV), 365days historical
volatility(365D HV), BS implied volatility(BSV), Heston (1993)’s implied volatility(SV), and VIX
on KOSPI200 option for the period from January 10 2000 through June 11 2007 are presented.
Options with 30 days to maturity are selected for calculating BS implied volatility, Heston
(1993)’s implied volatility, and VIX. There are 4 principals to filter data for empirical analysis.
First, the latest transacted option data prior to 2:50 PM for each day during the sample period
are selected. Second, if there are more than one transaction data for each day, only one data is
used. Third, the option whose price is below 0.02 is excluded. Fourth, the option which doesn’t
meet the arbitrage restriction is not included. Realized volatilities are estimated by 5 minutes
interval KOSPI200 index data from the market open price of the next day of the option price
observed date to the market close price of the option expiration date. 30days historical
volatilities are estimated by 5 minutes interval KOSPI200 index data from 2:50PM data of the
option price observed date to 2:50PM data of 30 days ago. If that day is a holiday, one business
day prior to that day is applied. 60day, 90day, 180day, and 365day historical volatilities are
estimated as the same way. Mean, Media, Max, Min, Standard deviation, Augmented Dickey-
Fuller test statistics for 90 monthly estimated realized volatility(RV), 30days historical
volatility(30D HV), 60days historical volatility(60D HV), 90days historical volatility(90D HV),
180days historical volatility(180D HV), 365days historical volatility(365D HV), BS implied
volatility(BSV), Heston (1993)’s implied volatility(SV), and VIX are presented.

Volatility Obs. Mean Median Max Min S.D. ADF
RV 90 0.2763 0.2499 0.6284 0.1109 0.1141 -5.2373
30D HV 90 0.2667 0.2457 0.5668 0.1015 0.1105 -4.9866
60D HV 90 0.2768 0.2525 0.5784 0.1139 0.1075 -4.2973
90D HV 90 0.2826 0.2640 0.5428 0.1211 0.1059 -4.8166
180D HV 90 0.2885 0.3006 0.4863 0.1336 0.1001 -3.5697
365D HV 90 0.2983 0.2889 0.4725 0.1647 0.0929 -3.1686
BSV 90 0.2943 0.2757 0.5601 0.1452 0.1022 -3.4830
SV 90 0.2794 0.2514 0.5585 0.1079 0.1022 -4.6021
VIX 90 0.3123 0.2861 0.5955 0.1585 0.1016 -3.7639
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Table 2 Correlation Statistics. Correlation matrix of 90 monthly time series data for estimated
realized volatility (RV), 30days historical volatility (30D HV), BS implied volatility (BSV),
Heston (1993)’s implied volatility (SV), and VIX on KOSPI200 option for the period from
January 10 2000 through June 11 2007 are shown. Options with 30 days to maturity are selected
for calculating BS implied volatility, Heston (1993)’s implied volatility, and VIX. There are 4
principals to filter data for empirical analysis. First, the latest transacted option data prior to
2:50 PM for each day during the sample period are selected. Second, if there are more than one
transaction data for each day, only one data is used. Third, the option whose price is below 0.02
is excluded. Fourth, the option which doesn’t meet the arbitrage restriction is not included.
Realized volatilities are estimated by 5 minutes interval KOSPI200 index data from the market
open price of the next day of the option price observed date to the market close price of the
option expiration date. 30days historical volatilities are estimated by 5 minutes interval
KOSPI200 index data from 2:50PM data of the option price observed date to 2:50PM data of 30
days ago. If that day is a holiday, one business day prior to that day is applied. 60day, 90day,

180day, and 365day historical volatilities are estimated as the same way.

RV BSV SV VIX 30DHV  60DHV  90DHV 180DHV 365DHV
RV 1 0.768 0.845 0.750 0.728 0.738 0.725 0.753 0.747
BSV 1 0.792 0.923 0.896 0.905 0.900 0.888 0.839
SV 1 0.735 0.722 0.768 0.741 0.723 0.698
VIX 1 0.823 0.826 0.828 0.834 0.800
30DHV 1 0.941 0.896 0.848 0.791
60DHV 1 0.966 0.909 0.853
90DHV 1 0.945 0.891
180DHV 1 0.955
3656DHV 1
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Table 3 Forecasting Regression with Implied Volatilities. The regression results for the realized
volatility when BS implied volatility (BSV), Heston (1993)’s implied volatility (SV), and VIX are

applied respectively as an independent variable are presented.

opt)=a+p-0,(t)+s(t)
where or(t) and oi(t) are the realized volatility and the implied volatility at time t, respectively.

90 monthly time series data for each variable are used. Constant coefficient, o, and Slope
coefficient, B, with t statistics for a=0, 1-p=0 (in parentheses) are presented. There are 90
monthly time series data starting from January 10 2000 through June 11 2007 not only for the
realized volatility but also for each independent variable. Options with 30 days to maturity are
selected for calculating BS implied volatility, Heston (1993)’s implied volatility, and VIX. There
are 4 principals to filter data for empirical analysis. First, the latest transacted option data prior
to 2:50 PM for each day during the sample period are selected. Second, if there are more than
one transaction data for each day, only one data is used. Third, the option whose price is below
0.02 is excluded. Fourth, the option which doesn’t meet the arbitrage restriction is not included.
Realized volatilities are estimated by 5 minutes interval KOSPI200 index data from the market
open price of the next day of the option price observed date to the market close price of the
option expiration date. Adj.R? is statistics which shows how much of total variation is explained
by a set of independent variables. DW stands for Durbin-Watson statistics which tests the
autocorrelation of the error terms. The F statistics is for testing the joint hypothesis that a=0,
B=1. The p-value is a measure of how likely the sample results are, assuming the joint

hypothesis is true.

Volatility a B Adj. R2 DW F-stat p-value
0.0309 0.8260

BSV 0.5749 1.7268 5.2681 0.0242
(1.3107) (2.2952)
0.0125 0.9444

SV 0.7114 1.5851 0.7555 0.3871
(0.6547) (0.8692)
0.0133 0.8424

VIX 0.5574 1.5925 3.9128 0.0511
(0.5080) (1.9781)
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Table 4 Forecasting Regression with Historical Volatilities. The regression results for the
realized volatility when 30day (30D HV), 60day(60D HV), 90day(90D HV), 180day(180D HYV),
and 365day(365D HYV) historical volatilities are applied respectively as an independent variable

are presented.

op(t)=a+p-0,(t)+s(t)
where og(t) and ou(t) are the realized volatility and the historical volatility at time t,

respectively.

90 monthly time series data for each variable are used. Constant coefficient, o, and Slope
coefficient, B, with t statistics for a=0, 1-p=0 (in parentheses) are presented. There are 90
monthly time series data starting from January 10 2000 through June 11 2007 not only for the
realized volatility but also for each independent variable. Realized volatilities are estimated by 5
minutes interval KOSPI200 index data from the market open price of the next day of the option
price observed date to the market close price of the option expiration date. 30days historical
volatilities are estimated by 5 minutes interval KOSPI200 index data from 2:50PM data of the
option price observed date to 2:50PM data of 30 days ago. If that day is a holiday, one business
day prior to that day is applied. 60day, 90day, 180day, and 365day historical volatilities are
estimated as the same way. Adj.R? is statistics which shows how much of total variation is
explained by a set of independent variables. DW stands for Durbin-Watson statistics which tests
the autocorrelation of the error terms. The F statistics is for testing the joint hypothesis that a=0,
B=1. The p-value is a measure of how likely the sample results are, assuming the joint

hypothesis is true.

Volatility a B Adj. R2 DW F-stat p-value
0.0757 0.7523

30D HV 0.5249 2.0734 10.6510 0.0018
(3.4558) (3.2636)
0.0596 0.7829

60D HV 0.5389 1.5892 7.9819 0.0059
(2.6161) (2.8252)
0.0555 0.7814

90D HV 0.5203 1.3970 7.5451 0.0073
(2.3133) (2.7468)
0.0289 0.8576

180D HV 0.5614 1.2559 3.1318 0.0803
(1.1787) (1.7697)
0.0030 0.9170

365D HV 0.5523 1.1576 0.8966 0.3463
(0.1012) (0.9469)
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Table 5 Forecasting Regression with BS Implied and Historical Volatilities. The regression
results for the realized volatility when BS implied volatility is applied as independent variables

with a historical volatility as the second independent variable are presented.

UR(t): a+p-o (t)+7'O-H (t)+5(t)
where or(t), oi(t), and ou(t) are the realized volatility, the implied volatility, and the historical

volatility at time t, respectively.

Constant coefficient, o, and Slope coefficients, B and y, with t statistics for a=0, 1-=0, y=0 (in
parentheses) are presented. There are 90 monthly time series data starting from January 10 2000
through June 11 2007 not only for the realized volatility but also for independent variables.
Options with 30 days to maturity are selected for calculating BS implied volatility. There are 4
principals to filter data for empirical analysis. First, the latest transacted option data prior to
2:50 PM for each day during the sample period are selected. Second, if there are more than one
transaction data for each day, only one data is used. Third, the option whose price is below 0.02
is excluded. Fourth, the option which doesn’t meet the arbitrage restriction is not included.
Realized volatilities are estimated by 5 minutes interval KOSPI200 index data from the market
open price of the next day of the option price observed date to the market close price of the
option expiration date. 30days(30D HV) historical volatilities are estimated by 5 minutes
interval KOSPI200 index data from 2:50PM data of the option price observed date to 2:50PM
data of 30 days ago. If that day is a holiday, one business day prior to that day is applied.
60days(60D HYV), 90days(90D HYV), 180days(180D HYV), and 365days(365D HYV) historical
volatilities are estimated as the same way. The F statistics is for testing the joint hypothesis that

a=0, =1, and y=0.

HV o B Y Adj. R2 DW F-stat p-value
0.0347 0.6099 0.2245

30D HV 0.5799 1.9229 3.6856 0.0292
(1.4736) (2.3078) (1.4281)
0.0309 0.6132 0.2273

60D HV 0.5789 1.7346 3.5650 0.0326
(1.3175) (2.2084) (1.3461)
0.0289 0.6549 0.1859

90D HV 0.5760 1.6870 3.2587 0.0433
(1.2251) (2.0115) (1.1112)
0.0179 0.5027 0.3762

180D HV 0.5950 1.5974 5.3996 0.0062
(0.7546) (3.1260) (2.2955)
-0.0013 0.5047 0.4259

365D HV 0.6087 1.6197 7.079%4 0.0014

(-0.0507)  (3.7412) (2.9043)
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Table 6 Forecasting Regression with Heston’s implied and Historical Volatilities. The regression
results for the realized volatility when Heston (1993)'s implied volatility is applied as
independent variables with historical volatility as the second independent variable are

presented.

UR(t): a+p-o (t)+7'O-H (t)+5(t)
where or(t), oi(t), and ou(t) are the realized volatility, the implied volatility, and the historical

volatility at time t, respectively.

Constant coefficient, o, and Slope coefficients, B and y, with t statistics for a=0, 1-=0, y=0 (in
parentheses) are presented. There are 90 monthly time series data starting from January 10 2000
through June 11 2007 not only for the realized volatility but also for independent variables.
Options with 30 days to maturity are selected for calculating Heston (1993)’s implied volatility.
There are 4 principals to filter data for empirical analysis. First, the latest transacted option data
prior to 2:50 PM for each day during the sample period are selected. Second, if there are more
than one transaction data for each day, only one data is used. Third, the option whose price is
below 0.02 is excluded. Fourth, the option which doesn’t meet the arbitrage restriction is not
included. Realized volatilities are estimated by 5 minutes interval KOSPI200 index data from
the market open price of the next day of the option price observed date to the market close price
of the option expiration date. 30days(30D HYV) historical volatilities are estimated by 5 minutes
interval KOSPI200 index data from 2:50PM data of the option price observed date to 2:50PM
data of 30 days ago. If that day is a holiday, one business day prior to that day is applied.
60days(60D HYV), 90days(90D HYV), 180days(180D HYV), and 365days(365D HYV) historical
volatilities are estimated as the same way. The F statistics is for testing the joint hypothesis that

a=0, =1, and y=0.

HV a B Y Adj. R2 DW F-stat p-value
0.0001 0.7458 0.2545

30D HV 0.7378 1.8573 5.2956 0.0068
(0.0036) (2.8859) (3.1241)
0.0009 0.7598 0.2283

60D HV 0.7274 1.6664 3.4595 0.0359
(0.0448) (2.4731) (2.4737)
-0.0035 0.7635 0.2354

90D HV 0.7300 1.6232 3.9069 0.0238
(-0.1822) (2.5653) (2.6469)
-0.0180 0.7053 0.3372

180D HV 0.7507 1.5939 7.8026 0.0008
(-0.9288) (3.4222) (3.8380)
-0.0330 0.7063 0.3754

365D HV 0.7571 1.6044 9.1376 0.0003

(-1.6036)  (3.5866) (4.1686)
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Table 7 Forecasting Regression with VIX and Historical Volatilities. The regression results for
the realized volatility when VIX is applied as independent variables with historical volatility as

the second independent variable are presented.

UR(t): a+p-o (t)+7'O-H (t)+5(t)
where or(t), oi(t), and ou(t) are the realized volatility, the implied volatility, and the historical

volatility at time t, respectively.

Constant coefficient, o, and Slope coefficients, B and y, with t statistics for a=0, 1-=0, y=0 (in
parentheses) are presented. There are 90 monthly time series data starting from January 10 2000
through June 11 2007 not only for the realized volatility but also for independent variables.
Options with 30 days to maturity are selected for calculating VIX. There are 4 principals to filter
data for empirical analysis. First, the latest transacted option data prior to 2:50 PM for each day
during the sample period are selected. Second, if there are more than one transaction data for
each day, only one data is used. Third, the option whose price is below 0.02 is excluded. Fourth,
the option which doesn’t meet the arbitrage restriction is not included. Realized volatilities are
estimated by 5 minutes interval KOSPI200 index data from the market open price of the next
day of the option price observed date to the market close price of the option expiration date.
30days(30D HV) historical volatilities are estimated by 5 minutes interval KOSPI200 index data
from 2:50PM data of the option price observed date to 2:50PM data of 30 days ago. If that day is
a holiday, one business day prior to that day is applied. 60days(60D HV), 90days(90D HV),
180days(180D HV), and 365days(365D HV) historical volatilities are estimated as the same way.
The F statistics is for testing the joint hypothesis that a=0, =1, and y=0.

HV a B Y Adj. R2 DW F-stat p-value
0.0178 0.5245 0.3551
30D HV 0.5912 2.0126 6.2134 0.0030
(0.7083) (3.5245) (2.8619)
0.0118 0.4972 0.3949
60D HV 0.5973 1.7401 6.9582 0.0016
(0.4718) (3.7303) (3.1010)
0.0085 0.5343 0.3573
90D HV 0.5877 1.6294 5.7985 0.0043
(0.3376) (3.4013) (2.7197)
-0.0019 0.4513 0.4759
180D HV 0.6067 1.5310 8.1558 0.0006
(-0.0756) (4.0357) (3.4508)
-0.0216 0.4763 0.5002
365D HV 0.6133 1.5249 9.3124 0.0003

(-0.8247)  (4.2164) (3.6830)
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Table 8 Forecasting Regression with Two Implied Volatilities. The regression results for the
realized volatility when two from BS implied volatility (BSV), Heston (1993)’s implied volatility
(SV), and VIX are applied as independent variables are presented.

Or (t)= a+p-o, (t)+7/'o-lz (t)+8(’[)

where or(t), on(t), and on(t) are the realized volatility, the 1st implied volatility, and the 2nd

implied volatility at time t, respectively.

Constant coefficient, a, and Slope coefficient, B, with t statistics for a=0, 1-p=0 (in parentheses)
are presented. There are 90 monthly time series data starting from January 10 2000 through June
11 2007 not only for the realized volatility but also for independent variables. Options with 30
days to maturity are selected for calculating BS implied volatility, Heston (1993)’s implied
volatility, and VIX. There are 4 principals to filter data for empirical analysis. First, the latest
transacted option data prior to 2:50 PM for each day during the sample period are selected.
Second, if there are more than one transaction data for each day, only one data is used. Third,
the option whose price is below 0.02 is excluded. Fourth, the option which doesn’t meet the
arbitrage restriction is not included. Realized volatilities are estimated by 5 minutes interval
KOSPI200 index data from the market open price of the next day of the option price observed
date to the market close price of the option expiration date. Adj.R?is statistics which shows how
much of total variation is explained by a set of independent variables. DW stands for Durbin-
Watson statistics which tests the autocorrelation of the error terms. The F statistics is for testing
the hypothesis that f=y. The p-value is a measure of how likely the sample results are, assuming

the joint hypothesis is true.

Two
C BS SV VIX Adj. R2 DW F-stat p-value
Volatilities

-0.0084 0.2706 0.7342
BS+SV 07319 1.6449 0.7269 0.4693
(-0.4256)  (2.7670)  (7.5036)

0.0118 0.4559 0.4174

BS+VIX 05764  1.6228  0.2001 0.8418
(0.4626)  (2.2124) (2.0136)
-0.0215 0.7147 03142

SV+VIX 07449 16652 12912  0.2001
(-1.0580) (8.0575)  (3.5229)
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Fig. 1 Movements of volatilities. Movements of 90 monthly time series data for estimated
realized volatility (RV), 30days historical volatility (30D HV), BS implied volatility (BSV),
Heston (1993)’s implied volatility (SV), and VIX on KOSPI200 option for the period from
January 10 2000 through June 11 2007 are shown. On X-axis, 1 is correspondent to January 10
2000 and 90 is June 11 2007.
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